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Abst rac t

A wide range of segmentation techni ques continues to evolve in t he

literature on scene analysis. Many of these approaches have been con-

s t ra ined  to limited applications or goals. This survey analyzcs the

complexit ies encountered in applying these t e c h n i q u e s  to color images

of natural scenes involving complex textured objects. It also explores

new ways of using the techniques to overcome some of the problems which

are described . An outline of considerations in the development of a

general image segmentation system which can provide input to a semantic

interpretation process is distributed throughout the paper.

Tn particular , the problems of feature selection and extraction

in images w i t h  t e x t u r a l  v a r i a t i o n s  are discussed . The approaches  to

segmenta t ion  are d iv ided  in t o  two broad c a t e g o r i e s , bounda ry  fo rr~~t ion

and reg ion f o r m a t i o n . The too l s  f o r  ex t r ac t ion of boundar ie s  involve

s p a t i a l  d i f f e r e n t i a t i o n , non—maxima suppress ion , r e l a x a t i o n  processes ,

and grouping of local  edges i n to  segments.  Approaches  to region f o r m a t i o n

~nc1ude reg ion g r o w i n g  under  local s p a t i a l  gu idance , h i s tog rams  1or

an a ly s i s  of g loba l  f e a t u r e  i c t i v i t y ,  and f i n a l ly  an i n t e g r a t i o n  of t h e

s t r e n g t h s  of each by a spatial analysis of f e a t u r e  a c t i v i ty .  A b r i e f

d I S C U S S I O n  of a t t e m p t s  by o thers  to in tegra te  the scgmentation and interpretation

phases is  a l s o  provided . The discussion is supported by a var ie ty  of

e x p e r i m e n t a l  r e s u l t s .  

~~~~~~~~~~~~~~~ _~~~~~.



TABLE OF CONTENTS

1. Introduction 1

2. Feature Extraction 3

2.1 Raw Input and Color 3

2.2 Hue, Saturation and Intensity 5

2.3 Extracting Other Features Over Windows of Variable Size .  8

3. Segmentation and Texture 11

3.1 Goals of Segmentation ii

3.2 Problems and Goals in Processing Texture 3

3.3 Hierarchical Approaches to Texture Analysis 15

3.4 First— and Higher—Ord er ~~atistics 17

4. Boundary Formation 19

4.1 Spatial Differentiation 20a

4.2 Suppression of Redundant Data 21

4.3 Relaxation Processes for Boundary Formation 25

4.4 Applying Relaxation to an inter—Pixel Edge Representation  28

4.5 Group ing Edges into Line Segments 32

5. Region Formation 34

5.1 Region Growing via Local Analysis 35

5.2 Merging Regions Under Semantic Guidance 37a

5.3 Region Formation via Global Feature Analysis 42

5.4 Integrating Spatial Analysis with Global Feature Analysis . 45

6. Conclusion 52

Acknowledgements 55

Refe re nces 56 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~



I

L...~. In tr~~~iction_

In the design of a general computer vision system for interpreting

images, one must face many of the issues confronting the development of

complex Al systems in general . Image understanding requires the proces-

sing of vast quantities of sensory data , with noise from the sensing

mechanisms as well as non—semantic information obscuring the semantically

significant entities that are to be perceived . One must organize both

processes and knowledge structures in a modular fashion to interact in

a flex ible manner (Hanson & Riseman [1976], Arb ib & Riseman [l976}).

The complexities in the design and implementation of such systems

typically has led to a decomposition of the problem into distinct sub-

systems for segmentation and interpretation , often referred to as ‘l ow—

l evel’ and ‘hi gh—lev el’ processing, respectively. We view the goal of

the initial stages of processing in visual systems as segmentation ,

a transformation of the data into a partitioned image with parts in a

representation which is more amenable to the semantic processing .

The general problems of segment~ :ion involve processing arrays of numeric

values representing brightness (and color) in order to extract features

of boundaries and regions over local areas or ‘windows ’. By a variet y

of means this information can be aggregated , labelled with symbolic names

and attributes , and then interfaced to knowledge structures by interpre-

tation processes.

There has been some debate over the degree to which semantic infor—

nation should be emp loyed in the partitioning of an image . The problem

of segmenting scenes with textural variations is rather challenging,

and It is clear that the context of local data In a picture influences

our interpr etation of that data. Then it is reasonable to ask why the

I
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image should not be processed immediately with knowledge of ‘chairs ’,

‘tables ’, or any other objects expected in the image . This will be

discussed in more detail later in this paper , but it is worthwhile to make

our views on this matter clear now.

A vision system which is to operate in a constrained domain with

constrained goals will be able to use such knowledge to its advantage .

However , this means that the segmentation operations cannot be applied

to a new domain withou t providing the new knowledge for that domain ; in

each case the content , f orm , and manner of use of the domain—dependent

knowledge must be specified . This also might involve serious computa—

4 t ional considerations depending on the amount of knowledge and its use.

This implies a reconstruction and evaluation of the segmentation system

in each new application . It seems to us that there is a large degree of

non—semantic patterns of sensory visual data which can allow effective ,

although not perfect , initial segmentation without recourse to semantics.

A similar view has been expr essed by 7.ucker, Rosenf eld and Davis [19751.

The human visual system can do quite well in partitioning nonsense images ,

even when neighbor ing reg ions are h ighl y textured.

For these reasons we view the problem of image understanding as one

of performing initial segmentation via general procedures , feeding this

H low—level output to a high—level system , and then allowing feedback loops

so that the interpretation processes can influence refined segmentation.

This allows semantic information to influence segmentation in a goal

oriented way without coupling all such knowledge directly into the low—

level processes. In this paper , however , we will look primarily at

computer techniques for a one—way transformation from ‘raw ’ visual input

of static images to a segmented array .



From th i s  point  of view , the segmentation processes provide a co:~pa~ t

description of the location and c h a r a c t e ri s t i c s  of v i s u a l l y  d i s t i n c t

-a r eas o f the image. However , the local anal yses may generate a ~rcat  deal

of spurious ac t iv i ty  because ob jec ts  in images do not appear as u n i f o r m l y

colored areas (as in car toon drawings)  but  ra ther  have na tura l  t e x t u r a l

va r i a t i ons , r e f l e c t a n c e , shadows , etc. Thus , the integration o f local

processing into  global ly  cons i s ten t  boundar ies  and reg ion s is not at

all s t ra igh t f o r w a r d .

From a classic AT point  of view , th is  ana l y s i s  i nvo lves  an enormous

search space. I f  one adopts  the  ideal goa l ~~f b r i n g ing  t o g e t her  th e ’.o

loca l  r e p r e s e n t a t i o n s  of da ta  in to  an o p t i m a l g lobal  r e p r e s e n t a t i o n , one

must immediately face the combinatorics of the problem and t h e  q u e s t i o n

of computational efficiency. Global brute force search  is quit e impossible ,

and of course one would not even recognize acceptable solutions without

the app l i ca t ion  of hi gher—level  processes to each a l t e r n a t i v e . Humans  r an

unders tand images of natu ra l  scenes even in the presence of a h i g h  degree

of noise and local t ex tu ral  var ia t ions . C l e a r ly , the  d i f f e r e n t  ph ases

of processing that are  employed m u s t  be integrated and techniques to

cons t ra in  the a l t e r n a ti v e s  w i t h i n  each are n e c e s o ar y .  T n t er a c t i c n  between

the analyses of local v isual  areas can be employed , hu t  t h e re  must he

provis ion for global gu idance ;  not  al l  poss ib l e  g lobal b o u n d a r i e s  can

be considered , h u t  local noise in the  fo rma t ion  of a l ong  s t ra i gh t  l ine

should  he hand led  by the global view of the l i n e .  In t h i s  paper we w i l l

examine some of the  ways of dea l ing  w i th  these problems .

I i  t h e  n e x t  two ~e c L i o n s  of  t h e  paper , we e x a m i n e  f e a t u r e  ex t  r o t  ion ,

color , and t e x t u r e .  The main  focus  of t h i s  paper , t e chn i ques for  boundary

f o r m a t i o n  and fo r  reg ion  f o r m a t i o n , a re  presented in the n e x t  two s ec t i ons ,

w i t h  a u n c l u i d i n g  d i s c u s s i o n  in the las t  s e c t i o n .

— .  ___ --.--—-——-—---— -.-. - -~~ - - - ----.—- .~ .-- - .



2. Feature Extraction

2 .1 Raw Input and Color

F i r s t l y ,  then , what is the ‘raw ’ visual input? In an animal , i t  is

simply the pat tern of l ight (d i s t r ibu ted  across the spectrum) f a l l ing

on the  animal ’s r e t i n a s .  This pa t t e rn  changes over t ime  as the an imal

moves and the  environment changes. In a computer visual  system , the

inpu t  may be fa r  more res t r ic ted . The simplest input  is a black—and—white

photograph which provides a two—dimensional map of light intensity in a

static scene . Such an input can be subjec t to boundary formation and

texture analysis. In this paper , we sha l l  provide computer techniques

for analyzing a static scene enriched by color. The usual way of

representing a color photograph is by coding it as three arrrays , each

sampling, the brightness of the pattern through a different standard

filter. Usually, the peak frequencies of the filters correspond to the

t h r ee  primary colors  of red , gree n , and blue . This is t rue  of the  eye

as well  as of the  c o m p u te r :  each rod in the  r e t ina  has peak r e c e p t i v i t y

near the frequency of one of the three primary colors .

L~
_ - _ _ _  . 

~~~
. 

~~~~~~
. . -. - 



Figure 1 depicts a simple house scene viewed through each of the

three filters and also averaged into a black and white (B & W) mono-

chromatic image. If one views the blue component (Fig. ic) of the

colored image as a black—and—white photo, then bright regions are those

with a strong blue component. Since white light has all spectral com-

ponents, both blue sky and white clouds may appear indistinguishable in

the blue image. However , the red and green components of the image will

portray the boundary between sky and clouds.

The color of the sky is actually cyan (greenish blue) which

i- is a much larger green contribution than red . Co’sequently the red

component (Fig. la) of the image would show the sky area to be much

darker than the cloud area, while the contrast Is not as great in the

green (Fig. ib) component. By properly viewing the three images one can

estimate the colors of other areas , e.g., the roof and unshadowed side

of the house is reddish, the grass is yellowish green (high in green ,

moderate red), the house trim ~is white (high in all components), etc.

Consequently, even the roughest sense of the color of an object

cannot be determined without looking at all three values. On a dark to

light gray scale from 0 to 63, a red value of 40 could represent:

1) a pure red (if the other components are (~~~~; or

2) yellow (If the green value Is 40, and blue is 0); or

3) white (if both green and blue are also 40); etc.

.

—
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2.2 Hue, Saturation and Intensity

Due to these problems, the raw data is often transformed into a

different coordinate system which is more intuitive to the human user :

hue, saturation and intensity, often referred to in this paper as HSI

features or parameters. The following is a brief discussion of the

definition of these features.

The information associated with each point (i,j) can be viewed as

a vector in 3 space, [R(i,j) ,  G(i,j) ,  B(i,j)]. We restrict each element

of the vector to the range [0,63]. To help the reader visualize this,

we adapt the clear and simple presentation provided by Schacter , Davis

and Rosenfeld [1975], and view this as a vector within the 63 x 63 x 63

cube depicted in Figure 2a.

By viewing the brightness of a point as an average of the three

primary color components, it is clear that the origin [0,0,0] is black

and maximum brightness [63,63,63] is white. We may define a gray scale of

brightness or ‘intensity ’ by

• . R+B4C
3

This is equivalent to the length of the projection of the vector [R,G ,BJ

associated with any point upon the diagonal vector shown in Figure 2a.

Thus, points in the color cube get progressively brighter as one moves

from the bottom right to the upper left corners.

Other colors are obtained as one combines the primary colors in different amounts.

•The corners of the color cube are labelled in Figure 2b with the names of perceived

colors which are formed from the three primary colors. For example, red and green

in equal amounts produce yellow, when the blue component is 0. Thus, one can

imagine the right face of the cube in Figure 2b varying across green ,

yellowish—green , yellow , yellowish—red (orange), and red . A diagonal 



5a

Figure  1: Di g i t i z e d  images of a na tu ra l  color scene.

(a) Red , (h) Green , and (c) Blue components are shown .

(d) Intensity (or brightness) is an average of the first

three images; subareas A and ~ will be used in examples la te r

in the paper. .
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line from black to yellow (i.e., red and green components are equal)

will represent yellow at different levels of intensity1. Now we

need a way of describing the points inside the cube as well as on the

surface of the cube. The points in a plane perpendicular to the gray—

scale vector from black to white are of equal intensity. The largest

such plane within the unit cube is the plane passing through the cube

at the corners R, C and B, forming the equilateral triangle depicted

In Fig. 2c and 2d. At any other level of intensity this triangle is

smaller. The implication is that there is a smaller range of color

combinations that can be formed as one approaches minimum and maximum

intensity (black and white).

The color triangle of Fig. 2c can now be used to describe two other

characteristics of color space , hue and sa tu r a t i on , which are independent

of intensity. The intersection of the color triangle with the line between the origin

and any point P in the color cube defines the projection of P onto  the  color

triangle at P’. The placement of this point P’ is defined by normalizing

the values of R, C and B:

R
r R.fQ~B

C
o R+G+B

d b -  Ban - 

R+C+B

4 1 The problem is much more complicated from a psychological view because
our perception of the color yellow is also a function of intensity and
below some threshold , we might call it another color such as tan , brown ,
blackish—brown , or black . Human perception of color is a very comp licated
process and we will not he able to treat this problem in detail. The
reader is referred to Evans [1943), Cornsweet [1970], Bouma [1971] and
Beck [19751. 

~~~~~~~~~~~~~~~~~~ - - - - - -  
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7

which implies that r + g + b = 1. Since there are only two independent

variables, it is convenient to convert the equilateral color triangle into

a right color triangle with the point P’ defined by r and g (on the R and

C axes, respectively) as shown in Fig. 2e.

Now one can specify the hue and saturation of point P’. Intuitively,

hue can be thought  of as representing  the type of color .  S a t u r a t i o n  is a

measure of the richness or p u r i t y  of the color and is Inversely pro p er—
0

tional to the amount of white  light diluting the hue .0 Both of the colors

pink and scarlet may have the same hue , but pink is unsaturated while

scarlet is highly satura ted . It  one represents  the center of the color

triangle as W (where W is the neutral point representing the projection of

white and all gray levels between whi te  and black) , then the extension of

the line between W and F’ to the perimeter of the triangle describes the

hue of p ’; it is denoted by H in Fig. 2e. There is a one—one mapp ing
4
4 between points  on the perimeter  of the color t r a i n g le and the angular

orientation ~ with respect to an arbitrary reference point , in this

case R. Thus, hue can be represented as an angle ~ wi th red as 
00 ,

green as 1200, and blue as 2400.

Saturation of P’ is computed as a percentage of the distance of F’

from W to the perimeter point H: -

s .j
.
~
’-

~
t

If 1~ is anywhere on the perimeter of the color triangle , then It has a

U saturation of 100% while the point W (white) is completely diluted and has

a saturat 1. 1  of 0%.

The 1131 fc~itureu that we have defined are not entirely independent.

If one examines the dl .lGr um; In Fig. 2, one can see that totally saturated

— -  .- 
-
~ . ~~~~ ~~~~~ 
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Figure 2: Transforma t ion of the raw data (R,G,B) into parameters of

hue , s a tu r a t i on , and i n t e n s i t y  (H , S , I ) .

(a) The color cube and (b) the names of colors at the corners .

(c) Formation of the color triangle. (d) Projection of a point

on the color t r iangle .  (e) Only two parameters of (r , g , b)

are independent , producing the right color triangle; H and

S are sho~~ in this representation.
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yellow , cyan or magenta can have an intensity twice as great as the highest intensity

red , blue or green which still remains to ta l ly  saturated . Certain co lors  may on ly  be -

perceived wi th in  a range of one of the parameters ;  e . g . ,  yellow is seen as brown only

when the  in tens i ty  is low. Thus , if a mapping from 1-ISI into the symbolic color names

is desired , one must take into account dependencies between the HSI parameters. For

other t rea tments  of color see Tenenbaum et a l .  [1974 ] and Sloan and Bajcsy [19751.

Recentl y Kender [1976] has addressed a problem that some have known about , but  has

not been discussed in the l i t e r a ture .  in the t r ans fo rma t ion  to normalized components

or HSI , there are points of instability where a r b i t r a r i l y  small changes in R , C , B

w i l l  produce large d i f f e rences  in the t rans formed  components; e . g . ,  near point  W ,

small changes in the raw components can cause very large changes in hue and satura-

tion. Kender ’s treatment is a very thorough numerical analysis of the computation

and use of ’ color , but is beyond the scope of this paper.

Most of the information with respect to boundaries seems to be visible in the

B & W intensity array of Fig. id. Thus, one can avoid the problems of color if one

is w i l l i n g  to r isk the  disappearance of boundaries between areas  of distinct color

hu t  s i m i l a r  i n t ens i t y .  We believe that color information is extremely useful for

Interpretation and desp ite the potential problems will continue to refer to the ITSI

features throughout this paper.

2.3 Extracting Other Features Over Windows of Variable Size

The major complexity that arises in segmentatIon is that the areas to be partitioned

still are usuall y not invariant across the primitive parameters of hue , saturation ,

and i n t e n s i t y  ( H S I ) .  These problems ~re i rt e r tw i ned  in the  complexities of texture

which wil l  be t rea ted  l a t e r  i n  t h ia  paper.  What we now stress is that even when

• sI COC analy sis works with static color inpu t , t he  f e a tu r e s  upon which segmentation

•ilgorithms operate need not be restricted to the HST va l ues assoc iated with imri~ v

po lnt~~. For example , an a l g o r i t h m  for boundary detection may onl y produce the
4

-orrer t res u lts if it operates on some of the average HSI parameters computed

- ..~~~~~~
.- .. • ~•~!& — ~~~~~~~~~~~~~~~~~~~~~~~~ .--- ~~~—
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across a local window of the right s i z e ;  the  p rop er  bo ui~ da ry may u n i v  be

oh vt o u s  to Local  o p e r a t o r s  a f t e r  some degree  of b l u r r i n g  (which prov I l l s  a

more g lobal  viewpoint ). Thus , one is faced  w i t h  a n a l y z i n g  I~ - ; u t u res  of l o i a I

W indow S of d i f f e r i n g  s is  as w e l l  as of i nd iv idual  po int ~. it  the  r e s o l u t ion

lu ~~el of the image.

Once the cons t ra in ts  on what cons t i tu tes  a f e a t u r e  are relaxed in

this manner , a huge class of possibly important properties becomes

available. The meaningful feature might actually be the variance of a

property over a local area, not just the average of that property. This

provides a measure of invariance or homogene ity of a given property.

If texture elements are extracted as atomic areas which are homogeneous

in one or more of the ESI parameters , then the shape , size , and orienta-

tion of these areas might be the crucial property forming the cohesiveness

of the perceived region . Although we shall not attempt to discuss the

extent of the many efforts at feature extraction , propertic~ for which

computational procedures have been developed include : average of an

area (blurr ing) , average ed ge per un i t  area ( spa t i a l  d i f f e r e n t i a t i o r.  and

then blurria€), average orientation of local edges and average spot size of

uniform contiguous area. All of these techniques have been carefully

explored by Rosenfeld’s group (Rosenfeld et al. [1970 ,71 ,721) and are

;~ 
treated by Rosenfeld and Kak [1976]. Bajcsy [1)73] has used frequency

distribution in the Fourier domain in the analysis of texture gradients.

The computational games that are available for constructing more

complex features by combining these techniques seem endless. Let us

consider sequence of operators to determine the orientation of line

elements ~~~ the textural property characterizing a region. One might

first ccnpute a series of directional derivatives of the image in color

space to determine the strength of color differences at various orientations ;

L _ _ _  •~- - ~~ -—__
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then, in a blurring process, average these values over a local window of

some sIz’e to delimit the areas which contain the lines (i.e., average edge/

- unit area); and finally differentiate these values for each orientation.

The result at a particular point represents the strength of a boundary

between areas on either side of it, where the values of these areas are

based on the property of average strength of edges in the particular orien-

tation. If the first two steps are replaced by a function which computes

the size of atomic areas and then averages these sizes , the differentiation

mi ght discriminate between textures of different coarseness.

The important point to remember is that many of the algorithms discus-

sed can work upon any array of extracted features, not just the simple

examples presented . The problem is further complicated by the choice of

applying algorithms to vectors of parameters. A spatial differentiation

operator might be applied to the intensity array of a static scene to find

large changes in brightness or to all three of the RCB or HSI parameters as a

three—dimensional vector . The metric is often defined in one—dimensional

and three—dimensional spate, but in general can be applied in n—dimensional

space (if n ’features have been extracted).

Given the state—of—the—ar t in scene analysis, one Is faced with a

coinbinatoric explosion of alternatives——experience has not yet provided

answers to this problem. It Is probable that working systems will require

the ability to determine dynamically the proper size and membership of the

subset of features employed by the algorithms. It must be stressed that many

scene analysis systems will be tailored for specific applications——be they

assembly lines, cardiovascular data, chromosome analysis or satelite Imagery .

Much of the success of such a system will, depend on the judicious choice of

those local features most likely to speed up the segmentation of the res—

tricted class of images presented by the problem domain. 

.— .-————— 
• -- ,- - ,--.--  ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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3. ~~ entatiop ard Texture

3.1 Goals of Se~g~ entation

We shall distinguish two main approaches to the segmentation of

natural scenes:

a) Boundary Formation — finding the boundaries which delImit a

region; and

b) Region Formation — analyzing properties of areas to merge or

split them into regions.

The goals of these two types of analysis are equivalent——they both form

a partition of the scene into regions and boundaries. They both must

employ some type of grouping, clustering, or binding of local areas/edges

together. But the focus of the first is upon differences (discontinuity)

in properties while the second is upon similarities of properties. It is

quite possible that specific examples of these approaches could produce

consistent or even isomorphic results. Placements of boundaries in one

representation might be exactly between the regions formed in another

representation. However , in practice algorithms which operate upon

arrays of numbers representing complex visual information end up taking

many different forms in dealing with the problems to be described .

The data are often manipulated differently depending on whether one tries

to form lines or extract properties of areas. A sche ne which is tracking

edges would be able to use the expected straightness of a boundary during

the processing, while the region approach might collect dIstributed

characteristics of widely separated local areas.

A powerfu l scene analysis system will make cooperative use of

several such processes in handling all but the most sharply differentiated

of regions (Arhih and Riseman [19761).
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Before we discuss par t icu la r  segmentation techniques , let us look

again at the scene depicted in Figure 1 and note distinguishing characteris-

tics of the parts of the image that we would hope to extract as regions.

The sky and clouds are relatively distinct homogeneous regions. It turns

out to be easy to segment the main area of sky from the rest of the scene

on the basis of i n t ens i ty .  The grass , only slight l y more d i f f i c u l t  since

it has a rather homogeneous fine texture , becomes distinct from the

surrounding areas on the basis of ‘average ’ hue or intensity in a blurring

process. Of course the area in shadow is separated sharply from the rest

of the grass on the basis of intensity, but it turns out that there is only

a slight shift in hue’. This means that there is information available

dur ing  segmentation e i ther  to form the shadowed grass area separately or to

bind it to the unshaded grass area. In these examples , it appears

that a conservative strategy which forms separate regions might be be t t e r sin ce

there is information available to merge the reg ions with more confidence later

tinder semantic guidance. If these regions are merged immediate ly , then problems

of backtracking must be faced . The primitive reg ions which have been formed will

need to he examined later to see whether they should be partitioned in an alternate

w~Iv .

The more difficult areas in the scene of Figure 1 are the maze of textural

variations in the tree , the smaller areas of detail which are not clearly defined

Iii t h e  hou se and sh r u bs , and the areas running off Into shadows . The left window

In general , one cannot expec t the hue of a shadowed area to remain un-
changed . In fact if the light is reduced significantly , the hue will
he qti i t e prone to error (Kender [1976]) ns it approaches black through
the l ower intensities. 

— .- -- —- -—-  ~~~~~~~~~ ~~~~ - —  - — -~~~ -~ 
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a rea i s  p a r t l y  o c c l u d e d  by the leaves and branches , so t h t  he d 1st i l u c t  p o r t  j n u - ~

o f the  window t r i m  and panes do n o t  f o r m  areas  wh ich  ir e  easy to  i n  t t h er

and i n t e r p r e t  in the  ab e n c t -  of ~~ ,~~t e > : t . Th is p r ob l em i t t  t h e  wi n dow ar~’:i is

compounded by r e f l ec t i o n s  and shadows , e . g . , th~ l i gh t  areas  of t U . ~ w i n d o w pant  in t l i t

intensity image of Figure id are blue reflections from the sky.

One’can now appreciate the  d i f f i c u l t y  of p u r e ly  low—level  f o r m a t i o n  of

a single region covering the whole tree—-both the area of tree with sky

showing through , as well as the area of tree with obscured house in the

background . The background textural elements are quite different in these

two areas, yet there are common textural qualities which form one part

of this macrotexture (the leaves and branches) in each case. This, and

the fact that texture elements in the two areas are connected , are crucial

clues which can be used to hypothesize the joining of these two regions.
1

1. 2 Problerns and Goals in Processing Texture

The major problem for all segmentation techniques is texture.

We use t~ie term texture rather loosely to encompass the variations in

the visual properties of objects/ uuriaces/reg ions , i n c l u d i n g  the  t e x t u r e  induced

by reflections from an irregular surface (e.g.. hi ghlights In the crown

‘Once ago in , -0 ~~~:at ion ~f hi gh —1 e v t l p ro  es~~t w hi t l i  k n o w  semet u i  ng 11) 0 1 t
bac k g r ound a r eas sh owi n g throug h oh j e c t  s can he i s e d  t o  r e m o v e  any remn i i i —
i ng  a m b i g u i t y .  T h i s  r e i t e r a t e s  t i e  i m po r t a n c e  of c~~i r  o h - e r v a t  t on  t i l u t  hi gh—
I evi l vs t ems n i g h t  t t o  a f t e  ~egno ’n t a t  ion at ‘nut j o i n t  in t Ito p r u t • t )- s j u g

l i r e we a re  r e t r i n g  t o  t i n -  p r i ~ t i l r v  (ii f fiu l l t V  in ; u r t  i t  i o n i n g  a s - t u e  i n t o
d i s t  m e t  v i s u a l  c om p o n en t s , I 1 t I L L i i i ’ ma Hr g u t : u l  i J t - r m i n i n g  t i t  ~~ n :It ~ li
r t l a t i o n s l u i p s  b e t w e e n  t h e  p i ct r i i i  c o m po n e n t s .  I i t e r , wi ) r i e f l  v d i s c u s s
—~ome at  • - ‘ t s  l u  i n t c u ’r : i t t  semani  i c s  w i t h  t h e  sogmt n L ; i t  i o u  p r~n t~~~) 5 .

— --- S S _~~~~~~~~~~~~~~~~~~ - -- - - — - ~~~~~~~~~ --
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of a tree) and by occlusion of the light source (e.g., shadows in the

crown of the tree due to branches blocking the light source). The areas

to be partitioned are rarely uniform in any of the simple parameters of

hue, saturation and intensity.

Segmentation processes are always faced with the difficulty of dis-

tinguishing between a region covered by texture elements and the texture

element itself; the system might be mistakenl y focussing upon the internal

structure of a region . The proper area varies as a function of resolution ,

focus  of a tt ent i o n , and goal o r i e nt a t i o n — — i s  one at t e m p t i n g  to bound the

leaf , the branch , the clump of leaves , the tree from other  trees?

Many studies have been conducted on images containing at most two

textures or the simpler problem of classifying an image of a single

texture. The problems that appear when one requires a single process

to deal with arbitrary texture types in regions of varying size , quality,

and placement have not been explored in the literature. Textures can

occur as a recursive embedding of texture types to make the task even more

difficult. Faced with a combinatoric explosion of possibilities , research-

ers have correctly chosen to deal with restricted classes of textures.

However, the set of tools that have been developed might become more

effective when a system can employ them in some general but structured
It

manner. It appeart that the time is ripe fo r  an integrative attack upon

the complexitie°s of visual texture.
.

There are three cosmton goals in texture analysis:

a) classification of texture into a set of categories;

b) description of texture in terms of primitive properties; and

c) segmentation of texture .

I
- -
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in the  f i r s t  two cases , one u sua l l y  assumes t h a t  the g i v en sample  is an

example of a single texture. Because t h i s  is not t r ue in t h e  th i r d case ,

t e c h n i ques fo r  Cat e g o r i z a t i o n  of a s ingle  g iven  t e x t u r e  or f o r m a t i o n  of

its description are not sufficient for the determination of a boundary

between two areas (of unknown s izes  and shapes)  h u t  w i t h  d i s t i n c t t e x t u r e s .

3.3 Hierarch ica l A~ p~ oaches_ to Texture AnalLsis

One of t h e  main  prob lem s in segmen t a t i o n  of tex tu r ed r eg ions  is

t h a t  the t e x t u r a l  f e a t u r e  whose d i f f e r e n c e  is to c h a r a c t e r i z e  t h e  b o u n d a ry

may  need to be e x t r a c t e d  over a local area of unknown s ize  and shape .

I t  t h e  i n f o r m a t i o n  is samp led over areas t ha t  a re  not la rge  w i t h  r e spec t

to t e x t u re e l e m e n t s  or v a r i a t i o n s , t hen one cannot  expect  these local

anal yses to p rov ide  f e a t u r e  va lues  t h a t  are i n v a r i a n t  across the  t e x t u r e d

reg ion . C o n s e q u e n t l y ,  i t  is d e s i r a b l e  to e x t r a c t  t he  t e x t u r a l  i n f o r m a t i o n

over as la rge  an are ,i  as poss ib le .  However , t h i s  leads  to t h e  ‘ w i n d o w

proh lem ’— — one cannot  be sure of when the window area over which t he  f e a t u r e

is ex t r a c t e d  is e n t i r e ly  placed ins ide  a reg ion or when i t  is e x t r a c t i n g

a ‘mu t a n t ’ va lue  ( i . e . ,  c o n f u s i n g  a m i x t u r e  of two t e x t u r e s  as a s i n g l e

new t e x t u r e)  because i t  overlaps reg io ns. ’

A ge nera l  segmenta t ion  sys tem wi l l  need t h e  a b i l i t y  to e x t r a c t  such

i n f o r m a t i o n  over vary ing window s i ze s .  T h e  s e le c t i o n  of t he  p r ope r

s i ze  for  the ‘ r ecep t ive  f i e l d ’ must su re ly  be a d y n a m i c  d e c i s i o n  (and

somet imes  could be provided  by feedback f rom r ho  i n t e r p r e t i v e  p r oc e s s ) .

Tb I s  p robl em is r e l a t e d  t ii t lie ‘m i x e d  p i x e l  ‘ p t - o h  1cm . When an i m a g e  is
I I rs t s c u l n n e ( l  , I lie p ixel ( O I l  I d  he on t l i e  h u i t i t i d a r y  bet ween dis t i t l e  t v I s ua l
areas .  Th u i s  would  produce a va I i . - b e twee n t hue va I t i es  w h i c h  w o u l d  he
p roduced  fo r  p i xc I s  en t  i r e  l v  to the t ~ s i d e s  of t l ie b o u n d a r y .  

--
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One cart st r u c t u r e  t h e  sy stem to a n a l y z e  sets  of  i n c r e a s i n g  w i n d o w  s izes

( e . g .  , 2
~~ ‘

~ , n = 1 , 2 , .  . . ) in  Some h ie r uuiu -h u - a l m auu t ui ’l ( P  -s n t  o l d  and

Thiurs ton [3 9 7 1 1  , M a r r  197 ~ 1) so t hat  t. l i t  c o r r e c t  i z u  i s  sure to  he

i n c l ud e d .  One then  m i s t  deal  w i t  the p r o b l e m  of ulc ou t i . - n l  l v  ~, - I e c t  i n g

t h e  r e l e v a n t  d a ta  or r a i n t a i n i n g  i l l  o f  i t  i t t  s e n t -  r u i f l  i — l e v i 1 d a t a  ~t r i t c t u l r e .

A l t h o u g h t h e  p r o b l e m s  bt -ome q u i t e  t r i c k ” , t h e y  do no t  seem I n s u r m o u n t a b l e ;

however , such s y s t e ms  s t r u c t u r e s  a re  s t i l l  n o t  v et  u n d e r s t o o d  v e ry  c e l l .

lie h i e r a r c h i c a l  p rocess  i n g  cone structure (Hanson mid Riseman

[ 1 9 7 4 ] )  mi g h t a l low an integrated attack upon these problems . Extraction

of  f e a t u r e s  over v a r y i n g  s ize  windows  is i m p l i c i t  in the  de s ign  of t h e

svsterr . The pro-es sing cone in  a s i m u l a t  ton of  a p a r a l l e l  a r r ay  of m icro-

co m pute r s t h a t  is hierar chicall y organized into layers of decreasing

-)  2 2 2
resolution (25~ , 128  , 64 1 ) .  Sequences  of o p e r a t i o n s  a l l o w

i i i  1 rest) lii L ion image  d a t a  to  he t r a n s  f o r m e d  , compressed in amount

and s to red  a t  h i g h e r  leve  Is of the  cone as coa r se  rose I U t  ion l e u t u i r e s

of su ba reas below . This  a l l o w s  1)0th l o c a l  and g loba l  f e a t u r e s  to be

a v a i l a b le s i m u l t a n e o u s l y .  Coarse de s c r i p t i o ns of m aj r a reas  m i gh t  h e

u l t i  I izeci to g u i d e  t h e  fo rma t ion of more re f  i ned  r e p r e s e n t  at  i ons  by m e r g ing

Ii onic ar e as  i t  ln ’-ci r 1 u ’ ~e e l s .  In t h i s  way  t h e  cone a l l o ws  t h e  s y s t e m  to

wo rk a t  b o t h  1ev .  I s  o~ d e c r i p t i c t n , e i t h e r  independ ent lv  or d e p e n d e n t ly ,

h i !  l i n a l  l v  w i t h  t h t i ’  g u l l  of b r i n g i ng  th e l o u - a l  and  g l o b a l  de su - r i p t i o n s

Log e  t h o r .

An lui t e r to t i ng  ap p r oac h  to  t h e  r e c u r u -  l v i  i mb e du l  lug i t  t e x t u i u - e

lua r ; u c l  e r i s t i c s  has  r u - t u i t  l y been s u g g e s te d  by 1- d i r i c h u  and F o i t h i  [ l 1 7 . 1 4 7 h ]

A v e r - u i t l I e  d at a  s t ru c  t u i r e  f o r  ext  r i c t  ing  t h e  r~~l at  i ons1ii ps between m t  • t i e  it v

pea ks and v a l l e ys  of a ot ie — dime n s  lon a l  scan l in e  • c - I l l i t  a ‘rel ui t i onal t r ee ’

S S -~~~~ -~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ --~~~~~
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h u e  l et-ui h -ye l o p e d .  h h ~ des r i  p t i o ;u  of peaks and su b p e u ik s  (el h u u u l i l

r € -p r - .- e t  n l i e r o t c x t , u r e n  w i t h i n  a m a c r o t e x t u r e )  in  t i - r n  of  t i l t - j r  w i d t h

ari d r e l i t  l v i  h e i g ht can he ex t r a c t e d  f r o m  the wave I ar m  r a t h e u  s i m p l V .

lie r e i r i t t ona l  t r i o  c :u p t u !r e s  s t r u c t u r a l  i n f o r m a t ion  i n  a ti ~ -r u r - h i e a 1

f a s h i o n ;  f i n e  t e x t u r e  a p pe ar s  as ‘ f r o n t i e r  a v u i k y ’ emh i-~hh-d i n  c a a r s c  ( w i c h u - t

peaks r i y u r e s e n t i n g  more g lobal  t e x t u r a l  c h a r a c te r i s t i c- . t h e  t~~~~— i  i ” ~u~~t—

s ion a l  case becomes somewhat  r or e  comp l i c a t ed  s oc - he  s t r i n - t u i i i  u t

d i s t i n c t  scan l i n e s  in  tlue suumo or  d i  l i - r i - n t  o r i e n ta t i o ns  m u s t  be

- ) r r e l l t e d . The a p p r o a c h  a p p € - u c r s  t i  be q u i te  p o w e r f u l  f o r  c I  u s s i  I i c - i t  i o u

an d desc r i p t i o n , and b i n r s  promise t o r  app l i c a t i o n s  to  s e g u n e n t u i t  t o i l .

3 A h i  r s l - -  an - .] 9 i~~~e r — O r d e r S t a c i s t  ics

One approach to texture description uses first— and higher—order ‘I

statistics of (monochromatic) scene elements (Julcsz [1975]). lhe first—order

statistic is simp ly the average gray level of an area; and differences ia this parametei-

have been wid e ly  em t o ye d  in previous work. The c o m p u t a t i o n  of the second—

order statistic Icr  an area r e q u i r e s  the  determination of the likelihood

of f i n d i n g  gray levels i and j  fo r  pai rs  of p o i n t s  as a f u n c t i o n  both of

the length and o r i e n t a t i o n  of a l ine between ‘u I  - rn .  Th it d— orde r  s tat i s t i c s

are extracted as a f u n c t i o n  of t h -  r e l a t i o n sh i p s  between t h r e e — t u p l e s  of

points.

i 1 u e  Informat ion in secu cc u h—ordi ’r ~t n ti S t ics is pro - ]~~u I v t h e  data

contained in the ‘gray level adjacency ’ r u t r i , o  which have been studied

by Haralick ~l9731 and Rosenfeld & Troy [1970]. For a given length and

o r ien t a t i o n , a ; cp i m a -  m a t r i x  of t h e  c o — o c c u r ren c e s  of g ray  level  i with

L - - - 5-- -—
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gray level j in the defined relationships must he constructed . This

technique has been used effectively for classif [cation of texture samples

by transforming each matrix of values into a scalar value by computing

features such as the angular second moment about the diagonal (ASMD).

It is Interesting to note that the ASKD can be computed locally in parallel

using little intermediate storage in the procet;”ing cones (Hansom & Riseman [1974]).

In ,~~ series of interesting experiments , Julesz et al. [1973] and Julesz [19751

demonstrated that two textures with identical first— and second-order

statistics but different third—order statistics cannot be spontaneously

discriminated by a human observer , while differences in first— or second—

order statistics generally allow spontaneous discrimination . They showed

that textures could be constructed with these characteristics by performing

simple transformations of the texture element’. This would imply that if

the first— and second—order statistics were extracted from a texture ,

these often could be used to determine boundaries of the textured area.

Unfortunately, use of second—order statistics is not a computationallv

viable approach. For purposes of segmentation , the amount of data that would

have to be collected to determine similarity or differences of general second—order

statistics of unknown areas of arbitrary size , shape , and p lacement is

an enormous  da ta  overload . Thus , segmenta t ion  based on extracting a full

range of second—order st atis ti cs seems doomed to failure. However , the use

of selected features dependent only on second—order statistics could prove

q u i t e  f r u i t f u l .

- 
- I t  s lu i t u i d  be no ted  that this study was c o n s t r ain e d  t o  black and w h i t e

b i n a r y  images .  Al though  t h e  e x t r a p o l a t i o n  to more general scenes is
reasonable , i i  s h o u l d  he (lone w i t h  c a u t i o n .

-

J 

___________________ __________________ ___________________ ____- — - - -~~~~~ -‘..- ~ 5’i— -. 
~~. --_--_

( S  --



- - - - 5---__5- . S- - -S - S - -  -~~~~~~

I ‘

- 
B o u n d a r , F~c t- 1 r I L  I on

There art- many w u . ’s to form a descri ption of a a cen t ’  in t . t r  - 1

a line drawin~’u . There ire scv -r: il inte rmediate rep u t e u - S t a t  i - o s  c t

b o u n d a r i e s  t I - u t  a t  t i n  i r e -  h o r n e d  p r i o r  to c i t a i n i r - u -c ‘h e  fina l ri - pr - .- i t i t  l u s t .

Computation c- t i c  S t  r i -n g th  (and  c o m et  ime s or i e c i t 1  l ea  ) a t  ‘ u ] :  p r i d  i t ’ t t

of intensity can be o ] t  u inei v i a  t h u  app l i c a t  l c d  or a Spat i i i  di t i t - l i n t

tion operator. The transferred image is coui c~e s~-d of  i n d e p e r  nr i i ~~~u 5

whose spa tial relationshi ps , among other things , cia ‘c. used to csfe r

more global entitieS . bp t i o n a l ly ,  these ed ges mi gh t be Ii ter~ c1 to

remove redundant and/or less important ed ges. Then , a stbs0t of ~-d g i - c

ni gh t  be h osed i n to  l i ne  s i g n - e at s ;  in some d er e i n s  these segments m i g h t

be restricted to linkin g edges that either form a s : r a i g h t  l i n e  or o bs er v e

c e r t a i n  c o n s t r a i n t s  on edge o r i e n t a t i o n . F i n a l l y , l i ce  line segments

mig h t  be grouped t o g e t h e r  in terms of t he  sta ’euhund ~- u v s  l i n e s  may come

together at vertices or in terms of more  c om p u t e  h - ~u i s d a r i e s .

Much of the earl y research in scene anatvsis was based on techni ques

fo r  t r a c k i n g  s t ra i g ht  l i nes  ( R o b e r t s  [ 1 9 6 5 ] ,  B i n f o r - ]  ~. thorn [1971]).

• If the objects under consideration were poly hedra , ~h en  k n o w l e d g e  abou t

t h e i r  v e r t i c e s  could  a l so  be emp loyed d u r i n g  or al ter the formation of

strai ght line segments (Roberts [lbhS], Clowes [19;-’ I l , Huffna n [19711,

Shiral [1972], T)uda & Hart [1973], Waltz [1975]). It should be evident

that In a - i t  ‘i r a  1 scenes thes’- t e r h n i ques w i l l  h -  q u t  i t o  limited If ut I II ved

a l o n e .  More g e n er a l  n on s em a n t i c  p r o c e d u r e s  fo r  b i n d i n g  loca l  edges in t o  longer

s e g m e n ts  ir e  needed . An i n t e r e s t  i oh, app roach  t h a t  the r eade r  s h ou l d  be a w i l ~~- of ,

but t hi i t we wi l l  n t  examine here , I nvolves an u n d e r s t a n d i n g  of s u r f a c es ,

their orient at. [on , and t h e  11 g l u t  r u - f i t - c  ted fronu then (Mackworth (1973] , H o r n  (1 b 7 5 1)

_ _ _  
- -  
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There are a v a r i e t y  of t echniques  and cont ro l  s t r a t e g i e s  tha t  can be

used to  form edge r e p r e s e n t a t i o n s .  Ed ges can he seqeuen t ia l lv  t racked

a long points of roug hly tin i form gradient strength. On the other h and ,

edge information can be extracted prior to sequential or p a r a l l e l  b i n d i n g

of edges into line segments . Colinear edges can produce clusters in

feature space via Hough—l ike transforms (Duda and Hart [1973]). This

can allow groupsof edges with similar properties to he globally analyzed

rind provide local direction to the control of boundary formation

(O’Gormaii and Clowes [1973], Nevatia [1975], Shap iro [l975~~, Wechsler

and Sklansky [1975]). The latter approaches bear similarity to techniques

for reg ion analysis presented later in this paper , and we hope the reader

can extrapolate their potential by considering the general utilit y of

global feature analysis in forming regions.

One cannot expect a low—level aystem to direct 1~- provide all final

boundary r e p r e s e n t a t i o n s  which  mi ght  be m e a n i n g f u l l y  interpreted by a

semantic processor. This search space is enormous and constraints upon

t h e final representation are almost always emhedded i n  t h e techni ques

and control strateg ies. Some t imes in cases of uncertainty the goal of

forming a single final representat ion can he relaxed , and the determinat ion

of a cons i s t en t  r ep resen ta t ion  can he delayed for other  processes which

utilize different types of knowledge. Thus , we will limit ourselves to

examining variations on two approaches to the early stages of finding l ines .

A survey on edge detection techniques by Davis [1974 ] focusses upon other

issues and approaches , providing a nice complement to the treatment in

this piper.

I
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4 . 1  Sp~~tiah Differentiation

As we l ove stated , the usua l t i r s t  st in computing hound :ir I t - s  i s

tlt ~ appi icat l ou  0 t i spat Lii dif I i c t - i t t  id t ion ape  r ot o r  ( o f t e n  do  f m i d  as

cm e l ,~e mask or temp i ate) to transform t lie cr I n t l  im age into O f l e  w i t  Ii

~-d gis ugh lie i t  ed . -\ I t I o u  g h c  tri al V such operators have hi - en sui po~- s ted

( t O u t - - k u - i  [1973], Bu l l s - k  l h ’ ’u J ,  I -r u n and Deut e-h [1975], M b & - i -  n ud

A~~~~i i u : t  1 197 ~
) , Marr [1 ~I 5)) , 0 111- ha t i-ombines 1 ow - ap i ix it v w i t  I

l i ghu ru - l i a h i l i t ”  is an ‘p~ rot or (Kirsu m u ) )  c u fl H (tt-d on t ile b e t h

w i n d o w  shown in  Ei ~~ur o  l u  as t u c l i o w s . l e t

~ 
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: 
(5(a1 

+ a1~ 1 + 01+2 ) - 3 (01+3 + . ..  + a1~ 7
)~

where the indices are computed modulo 8; then let

S(X) Max M1 and D(X) = tilsuch that M~ is max}.

• This gives, at every point X, estimates of the gradient strength S(X)

and gradient direction D(X) (quantized to 450 intervals). Later we will

show that it is useful to save the sign of the gradient; this will tell u i-c

t h e sides that are ligh t and dark as we move across an edge of a given contrast.

If X is within a uniform area, S(X) = 0 and orientation of an

edge Is meaningless , whereas D(X) is defined , but not necessarily unique ,

in all other cases. Actually D(X) only encodes four unique orientations .

For each orientation , though, information is available as to which side

of point X is the best fit of the edge; an example of the two placements

of a vertical boundary is shown in Fig. 3b.

4.2 S~ p5pression of Redundant Data

A disadvantage of most spatial differencing operators is that multi ple

indications pf the same line can be produced . The raw digitized data

sometimes introduces a gradient of brightness which is not a step function

when one is expected . In the house scene of Figure ld , the sharp boundary

between sky (intensity 52) and roof (intensity 33) actually has one

intermediate row of transition values (intensity 46). This problem Is

related to the placement and size of the scanning point which might over—

lap the areas (the problem of “mixed pixels”). In many cases there is a ramp function

in the data because of shadowing and highli ghts. Thus, many different window placements

will redundantl y dete ct a boundary, whereas the goal is to find a single line

which best separates the two areas.

In the case of the specific operator we have introduced , an additional

problem of multiple representations of the same boundary occurs. If an

- - - -— 
-

- l lm . L~T:lt1r - riiSF5 1U t51. i i -~~~-~~~~~ 
tt5
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1- i  cu re I :  -\ spot ia I di ft u reui t i t t  ion opera t or.

- ( i )  The st c- cc 1 - r h  S(X) :utcd ti le am i u - i l t d t  ia’~ D ( X )  of t i r e  t r a i l i c - r i t

- i t  Y .  ( h )  P 1 - c  t O O r t  u t  e d u t -  w i L t  i t - - ‘ - c t  t - - Y .  (ci I- I - e s

w h u i c im  ar c - l o g i e u l lv  t q u i v : u l e n t  can l u -  f m - - I  i t  ~cfl u c u T 1 ~ ; u o c ~~c t s .

(d)  ~u uc u u—riu - u ~-~i ina ~d r l u p 1cssi u u i cou i l u t ou n - I r ;c . i l u  i t a t i o n .  ( c -) Siui~~ting

edges cat i  st a n d or d  ize  t h t - i r I o - ~~t ion .  ( f t  D i r e  t ions for non—maxima

s r u~cpress ion of eu hutes . (p)  Suppression pe r i t~~S onl v ta r ed ges with t h e

SZlu ’ cu s i gn ( u f  t h~ c r u d  ~‘nt S u i  one p ix el wide reg ions can he

i t  cted .

-~~ S ~~~~~~~~~~~~~~~~ 
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edge occurs on one side of po int X , the edge will be detected u1i~ mu the

3 ~ 3 window is centered on some of the points adjacent to X. A s imp le

case is depicted in F igure  3c where a vertical lime is detected a-s

equivalent adjacent boundaries with equal strength and orientation. Any

single point appears in nine different window placements , and any pair

of adjacent points appears in six different window placements. There is

a confusing overlap of edge analysis. In areas to either s ide of an edge

where there is some~ (possihiy minor) variation , the strengths (-mod even

the orientations) of the adjacent edges may not be identical . Clearly it

is desirable to have only a single indication of a boundary , and techniques

for cleaning up this information are called for. However , as redundant

and weaker edges are removed , the condition of Figure 3(d) must be avoided ;

the suppression of lou-al edges si-mould not lead to global f r a g m e n t a t i o n  of

u line. Two operations will be employed to enhance the meaning ful infor-

mation : removal of log ically equivalent edges and suppression of non—

maximum strength edges.

The representation can be simplified by adopting a standard position

for edges at a given orientation , thereby eliminating separate indications

o f log ic ally equivalent edge positions. Currently, a pair of parallel edges at adjacent

pixels can represent a variety of situations ; edges which are two pixels apart (and pro-

bably distinct) , edges one pixel apart , or edges actually In the same position. By

adopting a general convention of shifting edges , pairs of adjacent boundaries

can be collapsed into a single representative in a consistent manner.

The standard positions that we have. selected for the four orientations of

our operator are shown In Figure 3(e). Each of the four orientations

associated with -u pixel mow has a fixed position relative to the pixel ;

an ed ge can only appear in the north to southeast semicircle about a pix el .

— - - - 
~~~~ ~~~~~~ 
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The ed ges in n o n — s r  cindard pos it i o n  can he in  i jc i  - lv sh i ft e d  to the p 1 x l

w) i -h r I t s  that etc . - in a l og ic ul lv & - c;c civolent , hut standard , posit ~~ . i u .

t u e  n e ig h bo r i n c  -cJ~- c s wh u ich c u -u c i d  ~ h u i  f t  i n t o  a s i n g l e  p i x e l a r -  a l s u

shown Iii Pigure 3 (e) . In the end t h e r e  are still 8 edge values compet i ng

a t  f o u r  u n i que l o c a t i o n s  w f  t F t h e m : c x i m u l r r r  s u r v iv i n g .  Thi  i s  c o u l d  he

c - ) m p r l t L - d d i re c t l y at tb f i r s t  app h i u t  i o n  of  t h e  ed ge masks  and c m l l uw

t t u e  8 p o s s i h i l  i t ie s  t o  c u s c c p t - t e  d i r e c t l y  r a t l u u - u  t h an  I t  d i s t r i ’ u c t - - t  - c -a u d) -

5 pixels (and of  course  ca-rlpet ing vi t t t  r - u r c - - d c u -  i n  ot er p o s i t  I c u n s )

before t iue i r results are collected into th~ sing le pixel .

For many ed ge operators suggest ~-d iii t h e  i t c ’ u t ’i r e , s u p p re s s i o n

techni ques are limited (or noisy) because i n f o r m a t ion wh i c l i  u - i r c o c t t - s

the placement of the ed ge with resnt - c- t to the  pi x el is not o \ u l  1 - ih i e .

The suppress ion schemes must focuis upon g l u e  strength and orient at ion at

these  boundar ie s  in o rde r  to c lean up the edge i ccr ;ict e Various th inni n g

and smoothing techni ques have been s n c g g u ~ sted . t~ot  h er  t h a n  rev i t - v  t h i s

body of I i tu . - r cu t or e , we vi Ii i - Y a u d i t r - c  oni v Lit cu. i t U  i put-s f o r  su p p m i - a s  in g

non—maxima  (Ro s c n tei1 & T h u r s ton  [ 19 7 1 },  Haves et c i i .  [ l 9 i ~~~] )  o f  - d - ~u.-a and

spots . They seem to ho d i r e c t e d  L u cr ~ urds t h u  h c - ; u r t  o f  t i e  e r u b l u . - — a b e t h

ana l v s i s  wh i - l u  r e t a i n s  a gc od fit of an edge c t d  suppresses  r e d n u t i d a n t  c I m t c i .
1

d u i p p r e s s ion  can t ake  p h -ice by h i c u v i ng each - - - a l ed ge ex u n u i i t t -  t h e

~ t u c i i t ~t Ii and o r c - r n t u u t i O n  fl t o -  ed ges in Its  n e i p l r h o r t i J .  It w i l l

he suppressed by ind icat ions of par al lel (or  poos i b i  -; , near puu ral It-i)

proc - - ut; c m i  cu et ca l ly pruuc oed pr ior t o  gr o u p i n g  l o c a l  -dg t ~s i n t o  a
more  gl -h al l ine. I I u wm -~- u - r . u s i n g le S t~~. u c i I i t  1 t n t -  w l u i u - h i i s  g h e H . u I l v
the bu- ~~t f i t  m i g h t h u i s c - f & i l  in dirt-u t i m p  t h i t -  l u a u a l  a n a l y s i s  .- u u i ~~ i i  arm
m r u t ;  c t f u r  d e l i .  u n g  such 1u u ci l suppres sion.
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I ines  of g rea ter  s t r e n g t h  nearby . The simp lest heuristic- scheme given our

ed ge rt’presenta t io n is pert r a y e d  i n  F i gore 3 ( t )  w i u er e  an t - d  gt c u t  some or i o n —

t a t i on  can be suppressed by a s t ron~~~r p ~ ral le1 edge w h i c h  is a d j a c e n t

in a d i rec t ion  perpendicu lar  to the o r i e n t a t i o n  of the  f i r s t ;  th is  means

that  fo r  each edge , we must  examine the v a l u e s  of e x a c t l y  two of i t s

neighbors. There are many other heuristics that can be emp loyed as a

function of strength and orientation; e.g. , edges at 450 angles to each

other might also activate suppression , or can require a different thres-

hold factor of relative strength before suppression will succeed .

Finally, there is a problem with this suppression scheme in that one

pixel wide reg ions w i l l  p roduce para l le l  edges which would suppress each

other. Here we can employ the sign of the gradient to discriminate between

distinct boundaries as dep icted in the  example of Figure 3(g). Only

parallel edges having the same gradient sign can be multiple jul -stances

of the same edge; suppression will not take place otherwise .

Figure 4 shows a differentiated portion of subimage A in Figuure id

(the diagonal roof and door  area in the house) ; Figure 4a and 4h r e p r u - s t - n t

S ( x )  and 0(x) before suppression. Note that in Figure 4a S(x) has been

sca led  by a co n s t a n t  f ac t o r , and the s i g n  of the  grad i ent ha-s been inclu ided

t o  g u i d e  t h e  l a t e r  s tages  of supp re s s ion .  For s i m p l i c i t y  t h e  t o u r  o r i e n t a -

t ions of edges arc r ep resen ted  g r a p h i c a l l y  in F igure  4h , even t h o u g h  t h i s

leaves ambiguous the exact posit ion of each edge in the diagram. To

Figures ~u c  ciod 4d , the edges have been moved to standard positions so

t h a t  t i n - f r  p o s i t i o n  r e l a t i v e  to the pixel is between north and (moving

o t u e  i gh t  ) s n u i t  l u t - c i s t  . Now ad Iacencv  and c o n t a c t  of bo u ndar ies  i s

e l u . - ; i r u - r .  

S -- - 
--—~~~~~~~~~—- -- -—~~~~~~~~
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F i g n ; r u . -s 4e and 41 show th e  r e s u lt s  u ; t  ‘ i t  -;L sup : r t-s oinug con — F l x l n n u .  i i i ; )  h n - t c

t h n e s h ot d i n g  ou t  s t a k  edges ; t i m e  t i n r - - h o ld  i f l C . ( S  c c i t r i c I t  h u ; p uu l c i ’

and v a r i a n c e  o f  n l a n — - z u ro S ( x )  and r e m . - u - i u ; e  o d e - - s  whit  St  st  ‘a i - - t h u  ~S F t

Lc + ~~ u ( i - cr c  k = — . d 5 ) .  ~o t e  the pr (-Scucc u - of rj10 ni —p i x u - l — w i u . c  h i p i t  ~t r t  i u a l

r o t ; - in t h e  b o t t o m  cen t e r  o ii ~- u nc a p - . H u t - u n p u  rt ;u L u l n u . u r l t _ s 0 1  a m i d  u n i t

clo cu r iv hut ti c c - u- - are s t i l l so me spu r i o u s  ;und r c d u n d i ; t  u l i t th O u  u;’ b c ;n d c j r i t  s

or at vertices , l il t- si - u - c I g t S  a re .u r u - c u !  t of the - -omplt - xit i - s  intro dc c cu - i by un’

of  t hue  ccl go f u  r u im at ion w i n d o w s  over la p pin t ’  a Icoun ca c , in -; ;u - F ocu s v: C - - - ‘1 I ; u \  o f

t h em cciii h e r em oved by u c s  ing,  a s u p p r e s s i o n  p~~-:s t i n  i t  i uc  s i  h i t l u t i  y nu n u .  sor h m i n 4 t I , l t u - - -

4. 3 
- 
Relaxa t ion Pru- -esse s f o r  R o u n d a r u - )-‘c’rn u : io n

A l l  1 [ i i i -  preceding u u ; i s i d c ’ ’: m t  ion : mip:ut he g e n t - n - ; l  i c - n d  an d  ; - i c ’ uF l u c  cm

p rocess  of c o m p e t  i t  f u n  and c o o p er - i t i o n  w i t h i n  t i : - par a l I c - i ‘ re l a x u t  i _ i n ’ ~r ,  u - d ; c r ~

t u r m u u l a t e c h  by R o s en f e l d , Hummel & Zucker  ( 1 9 7 6 1;  using t h i s  ap p r o a c h  th e r e  ias P . en

~ x c i t  i n g  r a n g e  of a p p l  i c a t  ions f t - cu :-;  h u ; n u ud . i u v  an a l vs  is (Z - iu. - l u o r , Hu~~~el ~ Ro~c- ; c Ic i t F  1( 1 7 5  ,

V a n d e r h r u i g  11 915)) t o  t e n n p l a t t u  m a tchin g (Dav i s  & R o s e n f e l d  l b 7 6 ] )  . h i s  a p p r o a c h

of  d i s t r i b u t e d  ; oc;l pu it ati O fl overlaps earl i u - r  i d € - ; i - - iq c i u d i u t u c  t i n e  s p r i n i g — J u -ad -~l ~u.- n I p I c - 1 t  u - s

a p p l i ed Lu)  l a b e l  I i u n : ~~v er t  (‘( - S o t  I l v I c u . - t n  W i t m  ‘-c ! i ;uul ov-u ( W ; u t t z  1 1 9 7 5 1 1  , am id t o  t i u c  1 - r n i : - i t i on

c ans  i s t u n t  Set at la h i-Is ~OT t tiu. l u i t u : t i t i c ’ s u u !  r - - u ! i on l s  l v  J u - - n u t - c h ; n l n ” ; l n n - f  l l u r r u u w  I

11cr - -at -  w il l  b i -i t - i l y  rt’vit’v tic - c~, n u t _ u i  i t  c u ~u ) u i l e  ; l u p l \ u i i n ; ~ t O  -c n t I s

d i t u t r i l u m u t e u i  c o m p u u t i t i u r n  Let b o u i u u - i : u r  - r nccu t t o n i . a c m n ) u n u u : i c i l  c an  t ’ m t o - t v  riot onil v

u l u u u u t - u:-  i u ed ge -u p u t  - i n ;  P u t  a I so ‘d go I I t t i m i g  e n -  -~ h i  n iP  i nu t  . h u t -  . ud -c  - m i t  - u p u  - ‘ t ; c  -

n , - I u : ~~c t i ’ u n  t t - clun i l m m c - s i~ t h at  I i ke l I u o o u F o  a t  all - ‘ i c - i t : u t i o ns  c u t  o u c h :  c- u )  3 0 - . n t  j o i T i t

Ill u mt  r 1 ) - u t  t ) u -  I : u h u 1 :u~ :S i g ni -d to ci I ’  - n ;  ~u ;  i t t  , n o t  j c u e  t t l u -  ‘ h~~~t ‘ l u  c t - en

j o  u - u c ?  u - l m - u : u . - n u t  - ; . W h - r - : u s  i t t  t i -  pm - \ - H u u I S  ; u l c ’u u r c  t i i c n ; - t h u . -  - i t l t - u n u - t i m s  I

u m o u c u p t  l unn ul ( r i c - O t u t  i e t o s  a r t  t I n t  -wu t W u V , t i m ’’ now p n ov -  vet- -s- u toe t uul . I h i m u — , a

h t u - - i ~. I ;  -u I u m u ~’, h u o r i x o t u t : l l i n e  t i m i p h c t  h repairc-d . u u l t u u m c l t  i - n l l y  by the on it ext. -h’

m n - u t - n u t  o u r  iwo v a r  t i n ’ t o  I 0 u i p t . i c i I  ‘f ? u m u k er  u . t  :u1 ~. j 1 9 7 5 1 .
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F i g u r e  4: An example of processing local edges.

( a ) — ( b )  The s t r e n gt h  and o r i e n t a t i o n  of edges produu - u si  by

apply ing  the  operator  of Fi gure  3 to suhimage A in F igu re  1( d ) .

The sign of the gradient is retained to show the relative brightness

on each side of an edge. (c)— (d) Removal of logically equivalent

edges by standardization of the position of edges with respect to

the pixels t hey  s epa ra t e .  ( e ) — ( f )  Suppress ion  of non—maxima cd p u- -u

and thresholdit~g ed ges whose s t r e n g t h  is below ~~~ 
= — . 25 -n .

_ _ _ _ _ _ _ _  - -~~~~ 5 - - -~~~~~~~~~~~~~~~~~~~~~~~~~~ 
- -  - - S



~
5-

~
5 5 -~~~~~~-~~~~~~~~~ - - - - 5 —

251

- - I -u - 7 ml 9 t u t  I I  n :  I t  m u  u u -  i j  ut u- i  c-at ‘u c - ’ ’  c - - u  4 :‘u, c . ’ c - ti - - u —~~ m i  ‘:

u - c  u ; c - : 9  -u . ic - i -i-u - -u t . ’ u- - i -  - - - I 1 m u -  , ‘ u c- - - a 7 -  t I i — 3 —  7 2— ‘ .‘- -
~ . u -  i c - u  i o u ’ ;  _ u o— -u u - ’ u - - - - n — - l u  I I  n / S  7 u u :‘ u I _ c - 3 : m  ~~

— -

F-u ‘ c - -  - u  u - - n . - c i c c  c - ’ t m  -n? - . - 1 / — - I ? -l . t -  - u u .  - ‘  c-c- u n 1 c- ’ 7 t I u 2 m : c -  i
- u u - u c -m ,-m u- m ? / , u n . c - u m c  - c - -i / -n . -t? -n .-,- -u :, — - ;  2 - I  9 - - n  i c-c- u 1 u u I — 1 - 2

— F / - - c-  ,- , 0 0 1 I - m - - - - mcI  - 3cm c ’ - u -  n - I  I t  c - - s  7 m c  -u — I I / - I - - cc , I - 1 7 - c . — -m -
- — -I  u —  ‘, 7 c. 7 , m /c u / uu - - . u t u  u - m i m i - c - ’ ,’ t~~ -. - u - n ;; ‘ - F ’  I - ;  c - -n~~-i. ~ n- ~ (‘1— 18 c u - c-

-~i — 3 — 2—- I 2 — I — h ‘u m u — i c, 2’~~ 5,- - , :c m u t , -l .’ I u ‘/ u ’ . - ui u ,c c,- --i u - , 3 ~ — c - 3,n- —t  i n i - a  ‘t - -.
- 2 - -  I -  7 - 7 —  . u -u / - .‘ — u ‘j - — u .‘. _ c . u .s - - . u- n - u _ ’ u -; m ’ — u  ~~u c m  ‘n : - : -  c - - c  c - c  2 1 ~ - 2  c - - c-

— : c - -  3— 4 - 0 - u- -u -1 0 a - u u i  7 - i  c - t n  u u I I c c  1 . ’ i t  I - ; cu ~ ‘ - - 7 — u . c-’’ — n : — 7
- u  — 7 - ‘- - 7 — 7  2 — -I I — ?. — -’ /, — _ ‘ — 0 I - m c ’ u _ / _ m / ; _ c , u ’ ,- _ - , c ~~ - / , - u . ’, _, :,! l _ ’ u n _; t , m

— 1 - - I — c - ’ 2 2  c-s i — -i — t , — 5 - .-, - i 1 - c-I -, u ~~~
: ; t u u , : ; t / u u , 1 c - I : u c - u 4 : , u : u i,u ! 1 7, 7, 2ut :0 7,

7 i’ I o’ - u  u - u - : ~ u — - I - u — -n - n a -
, l i t ,  0 1 0 / 2 : ’  7 - t ’ t ’ c - i t F -0 ’ t 2 .  

i - - i  u i- u — i - _ u a — n — - c — :- i n F c u 72
:- 1 2 - c - —  t i c - -  i —  i i —  c - - - ~~ — cu — a - c- -u:’ mum : i  u s - c ,  ‘a ~1 - u , .’? -iF- ~~.‘ i ’  0- 7 -  1 —  1 —  1 —  7

1 2 1 — 1 -  7 —  3 -  1 —  .t  7 7 —  1 u - u :  c -  It  7 1 — : ,  c c ;  c-s, 41 - 1 7 - ’ : ’  :- .‘ ‘ ~~ - 0 6 i t  1 7
1 u 7 - 3 — u  1, n - . -- - i — -u - : c- — .’ 2 -

. : - , l J - - —  .- ; - u , s ~~ o 7 - 4 t - t / : ’ ~, 2 F - ? t - ; c  ‘a c t — F - u
- :  2 ) - i 0 - - I i t - t — 7 c -’ i — 1 - ~~ — . u - 3 — 3- 7 .t - - :’ I?, u / V’ , — _’ ; ; 1 t, ’ - 4 - : c t 7 6 ~~~ u n - c - ’ , I C ~ 1 2 1 - - F - c--

— n o  c u  o. m ’ - .’u - - 2 u u  I ’ - - -‘- 1 i c - u— 1 —  c - u— 2 I —  7 - 1 .’, c - c m  u -u-u 7 c c  ~ u - ‘c-c’ n - n  o-u c -’ : - i ‘-n 9 1 c -  _ ‘ t  2 2
- t c - - ’ , _ u u u - m - u l n .’ u — _ - _ m - l u - l u — -l- - - I - - u — _ u — u / c - m u u - u ’ - . . u- - , u: , - - - -n - m — o .i . :uu 1~~- c-’ u I’ ‘ i _ — F l

I : ,  nun .’,- . .c--c 0 ‘ - u s  2 u — : c - 2 - . t u — 1 : ; — ,’ — ’ - - u — u -- u ,, u 7 1 4 4 / ,:, , u t : , 7c - — 4 , 1 , ’1 c - ’/ 7,’ — 1 9 — 2 - - . 7 9 : 3 - c - u
- - -. -

‘ t i m  c . — 1 - ’- 1 / , ; ) - u-i — t i — i - ’ c - c - - ’ - - 2 0 — 1 i - -  It — l it --c O I F -  - I c - - , : ‘ - I  -‘ . :,.t— -;0 - :- :u _ ‘ i  :-- —~~c-’ u:’ c m cm :- ’
— -, ‘ i 7 2~~~: t- 0 / ,  -n :- . — / — i ’ I — i - - i ; c — i - c - . : , - - - m I l . -, - c : c :-iu a n 
— -‘ -i 7 ‘‘ - I I  I c  7 7 1 . - 0 - -n -- S I - u l i  t I ?  l / t ; - u ~ u .’ n -n — F - ?  ~~-; 7-~—2 u— :-4 ‘a i t - . 24

- F . 31 7. ~u 4 ‘c ~ -n .- —  -u - - 4 —  ‘ — : .  I l ,  I F -  I - n u n c ’  u’a - - u -0- - u , l  1? , — o t - ; n - c
- - -n _ ci ~ 3 t .  .t — 1 3 c- -i t i’ 5 1 .  ‘/ ‘ - -0- l u - - c -- c-t 3 1 : - n - - -,? /01 mu c - u  ,- , a 2-)  1 2 - 2 4 - c - l i
- - - i  I 6 7~ Ic- ’ - , c-c- 1- -  c-c- n . 1 2 -  0- 1 /  - m - —: uu) - :, m 3 / 2 ’  -n’ — cii — -i 2 3 ct 2 1  I F - c O - - n i t

77 I t  7 -  2 -  c-u : :— m— 7 - - u - - t i  t ; u  11 - n . ’— ui ) c - -  I -  0 t — - i ’-ó l , — 3 i 2 7 2 0  1 ’
S .u -

~ i-/  71  -c -I 2 :; c, 4— -n 3 F , t?, i . ’ - 1 - - 3 - — ’ , ;  ‘ - c t - 4 1 — c - O 3 — 2—- c 3 t- mci c u l l — ’
- 3 -  5 - ~ m c -  1 - ’ c - - -- l u  ~~— -u -u -u - , - . - :m , c - c - ’  - I c - - I t, ; I i  t 4 — - - ’ l -32 u —  c- 3 ~ 8 l t —  C —  3

1 ‘ -- 7 -  7 -t . 0 04 2 -  2--  2 c- 7 2 1 7 / ‘ - 1  1/ 0 0: 76 c - ,~~~F~~~12 1 1 2 3 4 ; ~ F
- o - - ‘ -u 0 -  / c - : :c 9 c, .1 I 3 1— I - t c i  i t t  - n a - u — - c - c  0- 12 - —  4 I 1 1 3 6 -~

‘ - - 8 1 0  ~ 7— -
, i-i  2 : ,  0- 2- c-i - 1— 4 - - c - I - ! - - u:  012 -u - - c - u -~~i u. 7— 8- 2 . c - ’, — 1 1 4 5 9

-
- - - - a - ” n o  5 - 6  0 c -~O 1 ?  -1— 3 3 — 3  4 - 3 - 5 - 3 - ,  c i  17 - n - i - 7 2 - t c - O — 5 - 2 — 3 1 1 1 1 3 7 1 )

S - I -  c-~ ii 0 5 2 - :sn / 1 -  3 1 2 2 3 1— 5 - 3 7 — l u ,  17 42 - 7 c c - c - - -  5— 1— 2— 1 1 — i  - 3  3 1 2 7 1 1

4 ( a )

.2 .1 - :-. 7 II , 1-i I I  1/ I t  1 4  I !~t 16 I c - ’  I ’ m  19 70 21 22 7 t  i - i  22 26 :cm 29 30 3t 32 33 ~‘4 3 5 3

-- / - — - — - -  - — \ / \ \ I — / / — / - - / — - / — — — — /

— —  — / /  I — / -- - _ , ‘ / \ \  / ‘ u I I
-l - -- / \ / \ — - 5 \ \ — — — — c \ \ /

/ — — -- — — F u / — — I — \ \ — /

~~~~~~ 5 _ / ~~~~~~ / — - 

/ 5 _ S _ _ S \ / 5 ~~ -_

-d 
p -_ \ ~ — — -- - — — — , — u — — —

F ‘S — — ‘S -- / — — — — / \ \ \ \ ! -- i /

c - ,  ! \ 0 \ ‘S — - ‘S / u i i  / ‘S 
- l  — ‘S — - / — - \ \ — —  / / 0

- - — \ ‘S / / / ‘S ‘S — — ‘S - ‘ - - - — / — ‘S - -  

- t — u I I t / \ -— I ‘S -— — ‘~
_ / —— ‘S I I ‘ I / — -— 

‘S — -- — — 1 - \ \ \ - -  \ — — i u , , / ‘S

03 \ / - — — — ‘S ‘S — - -- — ‘S I / ‘S ‘ ‘ ‘ ‘ , ‘S
\ \ — — ‘S ‘S — — - - \ — -- -  ‘ S ’ S  I I u u ‘ — ‘S / — — —

— \ / — — - / -- \ — — - - / / ‘S I I u I ‘ I u / — — / /

c - i ‘S \ I i — — — — / — I I I c , , ‘ I ‘ / ‘S I
‘S / — ‘S ‘-, _ . -  — u u u I I c , f I I I !

-3 — — ‘S / — — — — - - — - — - ‘S / I I - ~ u t / I I
— — \ I ‘S / -— ‘S / / I I I , I m u I I ! I I I

— _ _ ‘ / “S~~~~
u, S~ I ‘S - — — — p , u I u c I I u ! t ! ‘S I I

I I — ‘S I — I — ‘S ‘ ‘ ‘ ‘ u I I I I u
-u ‘ ,‘ — ! ‘ - - ‘S — — I ‘ — — ‘S I u , . I ‘S / I

/ ‘S ‘S ‘ — — — — ‘S / ‘S — ‘S I I I I ‘ u I I I ‘S ‘S / / I

— — ! I ! / ‘ / ‘ S ’ S ’ S  - — / , u I — — — —  u
- /  — ‘S — ‘S u \ / i , ’ — — — — u , I u I t / — —

‘ 
, u I

I ‘S ‘S / / / I ‘ ! .‘ / ‘S / - / \ I u u ‘ ! I I I I — I I u I
— I I ‘ S ’ S ’ S  — I — ‘ S ’ S  — - / I u I u I I I ‘S u I ‘S /

0 / ‘ ‘S - ‘S ‘S ‘S - I - — — - I u , , I I ‘S / - / I ‘S \ / ‘S

c i  u ‘S — — u - - ‘ I / / / — ‘, — I I I I I I I I ‘S / I ‘ S -
u / ‘ S ’ S ’ S  — ‘S

12 — — u ‘S ‘ S ’ S  ‘ - — — — - - / , u u m I ‘S — / ‘ / ‘ S ’ S  I I
m l 1 / / - - ~ ‘S u u \ ‘ S - S  — - / — - u c J I - — I ‘S / ‘ S ’ S  — ‘ S ’ S ’ S

‘ 1  / -, ‘S ‘S / I / - / - - - ‘S ‘ ‘ ‘ u u I / / — I ‘S ‘S / — I I I
- c I ‘ S ’ S  / ‘S — ‘ ‘ ‘ - / / u I ‘ I ‘ u ‘S I / - / — ‘S — I I I

4( b)

-

~ 



- - _ _ _  - -

2 Sc

1 2 1 4 5 5 7 8 9 I c ’ 11 3 2  11  i - n  m ’  c - s  0- 18 i - i  70 / 1  22 7 t  2-I 2 ;  c - u ,  2 7 20 29 30 31 32 3 1 34 3

-
, t O — i t - c - ’ -’ 4 , - F l - - I ?  1 1 7 1 -I — cc 1 —  3— 3 - 2 -  1 - 2 —  2 . 4
I 23 1 0 — 1 - ,  .1 , 1 — - a i m  - ‘ - u t — I ?  -- 7 - 2 7 1 -  2 2 1 2

4 /1 75 73 ( c i  l i — I  I - c t  - ‘ I - - i  ‘ - ‘-7  - m c  i i  ~ — -‘ I I - ‘ 1 1 2 1 - ‘ F
5 1-1 -I c  77 ;-t 40 I ,  I F -  4 1 ’ . 1 - i - - c- ’’l 2 7 c- u i 1 2 1 — 2
6 — 9 17 74 76 77 I - i  I I  - c~~ -u - - uu , --i S - c - c .’ - ‘4 - 9
7 — 0— 4 —  8— 6— 7 23 7’, 75 711 tO 1 — n  - u u t u - 7. ’ 1 ‘4 i 7 — n t .  c c - 1 9 — 2 1— 1 ”  - I  m i — I  u - n u  m ru 1 1  - 1 /
II — 3 — c-’ — 3— 5— 6 /, ‘‘/ II # -i - - 1 ’ ?  c c , - . ,t - I ,c 4 - I - :o c- ’I — f l  3 2 — - I - F — -n
9 — 2 - 3 — 2 — i! 4 — Il— I I - Fi— IJ ,c ’ c u. ! ~u - c- u u 7 — l t . — ’0 1 - ’’ .c -n  /00- 1

10 — 2  — 7 — 1 - 4 — 7  - -I S -  5 - - I / n i - i  — / - F u - n ’ 39 - c - - 5 7 : ’ 7 0 : - c ’ 1 7 - : o
• 11 - - 2  4 — 5— 6— 6— 6 u / f , /  1 1 1 5  I I I : ?  I I  10 I - u  — ‘ I - SI - u -  t u - I — I - I S

I . ’ — 2  — 2 2 2  — 4  — ‘ i - 1 , — ,c— /— .’ n( , l5 / :’ ;-m ,’ .c ,mi /,9 / I u ,;c J1 ,- F ,  c- ’i c- ’’t I ) 3l :’-/~~~) c - ’u i c -~3 ’ 1
I I  — 2 :‘ 1 —  7 I — I - 5 —  3 -n u - -i -- 0 7 1 - I c- - ‘ . ‘ 1 7

-i — 2 1 -— -i — i - c - —  i i  :- .- c - c )  i .s u - i ’  - ‘ n  i ,  :c  0 ‘ 3  c-’ -m 7 - a c - - c
— 3— 1 -  3-- 2 — 2 — 3— 1 -

‘ Ic - l c - ’ - - I o  us  u n  ‘cu ‘ i t  - m a  m u ,  17 — u -  c- u
c - s  1 1 1 -- c-i — 3 1 -, 3 — 1 : 1  u II u 15 c - ’ , -u ’  c - . ’ c-ac- — 5  — 7
1 - ’ 2 2 — 3 - -I :‘ - — i t ,  i i  - n - c  -1:; c - u )  - : ;/  75 — 7 - 1,6 s - n - ;  7-I
n c - I  — 1 7  — 3 -  3 1 - -1— 3— - I - ‘ c- u — - I l I c - ’  -i c - - 17 c - c - ’  —~~u u  76 -- 1 -1 — F l  i t  1 1- 7 1
c- i  — t O -- 2 1 - - I t — 1 7 — ct 2 1 — 2 — 1 1 1  l ’ - ; -i n ?  :2 — c - c - u i ‘ — 74 1 0 1 0  - c - 1
-‘1 72 1-n - 71 - 2 1 - 1 3 2 - 2 - c- ’ - c - - t i m  t . m m i - c,, c ’ c u  c - u i  — c - c  II - c - - u
c - i  .2 4 23 25 t c - — 2 2 - 7 7 - c - ’ 1 1 1 — ’i— 7 — ,t — 3 — 1 7  ‘au -ui- -c ,o ; . ‘ - - ‘ - F  1’? -c’s 9 2-I
‘c- i — 6  2/ - 11) It ,  11 1 3 7 1  7 u - - I 9  — u u u  n c  - i l l  c - c - i  c - ?  - -u  : ‘‘u — : 7  i i
t 3  5 26 29 7 6 -1 -

, 7— / - 7 0 - 7 - u - l t i - 1 1 : 4  1’ , - m c - -  n o . u  -- -1 .0 - — F l  -30  11 I a
‘4 — 4 7 3 1 I I  — 2 7 2 — i i —  - I —  II-- ’’ I t Y  - u -  c - . ’ c - - n  - c - u  2-I  7/, . 4  1 6
‘5 — 4 -  4 I S  3 1 —  3 3 .1 ‘1 -l 7— 4 —  ‘i —c -cu) u. ’, 1 /  - n’ - ~~. ‘ c - i  — -,n 0- c-’I4 19
t6 4 —  2 8 cccs - , -I 3 t ;  — -

, - ‘ c — c - t t l  H I  -1/ : 7  t I  / 1  4 Ii 14 It t  11 70 — 2 - I
- /  3 17 17 2 -  1— 7 1 7 -1 ‘— 4 — ‘ s  1/ -n . ’ i c c c  — / 0 ,  2 4 6 :0- — c - ’ c-
c-li — 6— 6 7 17 27  - 1 7 c c -— 3 - -a — 3 m Om 1/  - i ’ - F l  c - n  u~~- 3 1 7 7 70 - 1 1  - 1 7
9 — 1 3 -i 8 9 1 9  1 5 2  - - 2  — 3/ .  I 7 -Il. c- ’a -n i - n n - : - u - 2 - 2 6 1.1 13 - 7

- - 6 4 -, I I  7 1 -7 2 2 cc 4 2 -l 3 - i — c A  17 - I 0 - O i  .1.5 .54 17 3 3 4 us i i  — cc
— 3 — 7  — 7 2 9 28 7- 7- 2 7 l - : ’ - c-a i / -t ’ - -~~ ‘ - - 2 0 - 1 2 t 1 7 F -

‘ -2 — 5—  5 4 —  7 —  13 28 2 4 2 1 —  cu —ia ui -t i c  nc - u - 4 2 1 1 4 1 -‘S 5 1.
1 — 5 8 -  / — 7 II ~‘~c- 6 5 4 1- I I I  - 1 ’ , ‘c m s- Ii - 2 1 I 4 9

-i -- 5 10 5 — 6 c-’~ 7 -I - 3 .t - 3 - 4 —  .i 7-i t /  - l u - c - c u -  2 1 1 2, 7 10 
,~~ mi s - i : i  I c-u c- — ‘a — 1 5 — 3 /  1 ’  - a ’  i - u —  S -- c-u i i -‘ 7 11

4 ( c )

1 2 3 4 5 6 7 8 9 10 11 17 13 14 15 15 17 18 1 9 2 0 2 1 22 23 24 35 34 2 7  28 29 30 31 32 33 34 35 ~-

— — — — ‘S I / / / — / — — — — ‘S — / 
/  

-‘ I / — I — ! ‘S — -
3  

/ — — ‘S — ‘ S ’ S  / /

— 
/ - 

/ ‘S ‘S ! ‘S —

6 - /
/ — — — — 

— — — I I / — —

,~~~ ; _ _ \ \ _ _ I ’ S  I / / / \ - - -
~~~~~~~~~~~~~

11 — / — ‘ S ’ S ’ S  I ‘S 
— ‘ S ’ SI:’  — — / / ! ‘S — — - — ‘ 
I

1’  ‘S I / ‘S \ I ‘S — — / — ! -

1 4 ’ S 
-

- 
‘S \ \ ‘ S : \  

— -

—~~ 
—  — 

I I I I I I I I / ‘S
i s  ‘S    -- I  — — ‘ S ’ S  - - 

I I ! / — / /
1? ‘S /  ‘S 

— I I I I I / — —

18   — 
I I I I I I I I ‘S I I

• ‘S  — / 
p I I I I I I I I

70  /    ‘S 
I I I I I I I I I I

c - i ’. — ‘S I / / - 
I I I I I

32 / ‘ S ’ S  I ‘S     — — — I I I I I I / I ‘S I I

2 1 ‘S ‘S 
1 ‘S I I I I I I I ‘S I

I I I  I I \ \ I I
‘6 — I / ‘ S ’ S ’ S  ‘S I I I I 

I — ‘S I I
‘1 — / I / / / — — — — I I ! ! I 

I I — I /
“a — ‘S / / I / / / — / ! I I I I 

/ / I I ‘S“1 I I ‘ ‘ S ’ S  
— - - I ’ S ?  — / I ‘ S ’ S  ‘S- - t o  — ‘ ‘ S - -  ‘S - - — 

I / ‘S —

~ _
~~~~~

_
~~~‘ :  ‘ ‘ ‘

~~~~~~~~~~
_
~~~~~~~~ 

\ _ I / l I / ’ S \ I \~~~~

‘2 I ‘S ‘S ‘S ‘S I I / ‘S I I I I I I I — -

4 ( d )

- - _ _ _ _ _ _ _ _  __ - -5 -/



25d

1 2 ~1 1 F 6 7 0 9 n- c - ii i - I t  I - i  12 i a  17 I l l  1’, 0 0  c - t I  2.! ;‘ .P . 4  c - u - c 7t, 7? 73 29 30 c l i  ‘2 33 14 32 3,

— 1 0 - 7 9 - 4 1 .1  - I t

.1 - c u  c - -c -u - 4’?

-m :7 75 ‘3 - ‘1/ : 2 - 49
‘S 7c- ’ 74 - 4 7 - 4 9
/, 7-I 71, ,‘7 - -0- i l  ‘1
1 1:; 75 / 5  - I t ,  - - 19 -  - I c - l  - 2 3 — 1 4  -2 1-  c c  1 1 3 — 1  1 1 9 — 1 8 — u i — i ?

c -I  711 611 - 4 4 — 4 0
-, 135 63 -~~1 ., - 3 4

I - )  74 14 - c - , c - - I : ’— 3 9  — :- s  27 77 70 2 1 72 20
1 1  3- I  69 - - 3 - I  - . ‘. Si 41, -!0- 14 -c - I c -3 -- 30
Ic - i i c  70 c-- i  - -u 704 c-- ui 69 2-u I ‘‘9 71 ‘- c - c -  :‘a c - - F  ‘-0 I I  2’? 27  715 211 2 /
i _ i it ,  - I ,  c-’ . — 1 7
n -I ‘7 -i’ ll 37 1 ’ , c - I  17 70 20 c- 13 7 1  .1  ~ -n 7’cI _ i I C  cml — 1 1  - 1 - , ,c 17

‘S — 1 5  t i  - c - I  -I ’S --i ,,. ! c- ’2
i.s I~ c -m c - , 20 — si ‘5 Is -:5-2 -I

3 17 - . n - ’ 52 ‘ui 71, — 1 4- c - ’1 - c - I
I 1 -~~i -:cm - 1 9 — 1 7  ui u -u c i t  52 - I I  - c--i —c - .a

-2 c-c- c , 1 4 — 2 1 — 2 3  — 1 1 3  1.’ ‘ -u t,cu -c - c - i l c-c-ni 0._ I —c - - ct
. 1  2 ’ S , 1 2 1 5  72 — 7 2 - 2 . 1 — l ~ ’ -I / c - u )  c - , .c- 7” 0 /  -- c- ’ ’,

cu .05 1 8  m a ::7-71—19 —n i t  n c - c - c  sc-i - c - c - u I .0-i — 7 , ’ 7-a
- 3  26 29 — 0 — 2 0 - I u l  c - -I n : i  - ‘ — : 1  7 1 - - 7 1 - iO 15
_ I 31 — 7 . 0 .17 -l .‘ -n i ‘4 2 3 — l i  t~6 —c - u ’,-s cci - co ‘a, n c-u 0-n —61 2.9 I?
c-aS 33 7 : 1  - oc- - .‘ c - i  - c- .l i i  1’ , c - - i  - I - I
.~~/ 17 ‘7 — 1 6  .1/ ‘,l  - - I s c -  :3 - 27

22 I I  -1 / - - ’ , 1 2 1  —6 / ,  - 2 — I
1’? _ i _ _

’ t - , ‘- c - I  1 1  ‘i l . i ., l
‘3  25 ‘ - - -i - 

-
- n I I  a- n - u _ c

0- _ -? 7_ 3 I - 1 - ’ - -‘- - 7 )
- 7  74 --I i  - u- -c ,,-
- 3  1-5 0, - I ’ ~ - c i

1 2,) I n  - 1 1  .0

2 21 - 1/ i l  I

is

1 2 3 4 2 6 7 11 9 1 0 11 m c - ’  13 14 12 c - F -  1,’ i c -  0 - 20 2 1  ‘‘ . 3 -1 ic-  21, ‘‘713 7? cctc ‘a ‘-2 ~ u c - i  — -

:
1 — — — _ t _ 

— _ — 

—

0 -‘S \ —

~1 I ‘S / / / ‘S - - - - -
t o  

I ‘S / - - — - -- -

I i  
I ‘ S ’ S

12 ! I /13 I I I I /  —

i — I  I I I I ‘S I
I I I I !

I ’ ,  I I I I I I / /
I I I I I / I

I - , I I I I
19  — — — — I - c I I I I I

—~~~ 
— / — — 

I , - I I I I

• c-a — ‘S $ — — — 
I I I I I I

- — . ‘ _c - ‘S ‘S I — — — 
— —  — I I I I I / I I I

‘S I 

‘S I I I - - I ‘S 
I I I

I I I I I I ‘S 
I I

— - p I I I — - I
/. I I I I I I I

- -
- / I 

I I I I I I I

_ - i
;
u

t O  ‘S I I I ‘ /
‘I ‘S I I I ‘S

I I I

4 ( 1)

5 -- -- - — - - - - _ _ _ _  -- - ~~~~~~~~~~~
--—~~~~~~~~~~ -- ---~~~~~~~~ -- - -



--5 — - - -5 - _~~~~~~~~~~ -5--~~~~~~~~~~~~ - - --5- ~~~~~~~~-- - -~~~~~- - --5 -

2 (~

Assume we have a set of elements A = (a ,. . . ,a } and a set of

labels A (A 1,.. i )tm } where 
each label represents a possible Inter-

pretation for each of the elements. In this example domain the elements

are the image points and the label set consists of edge orientations ,

with the  null label used to represen t the absence of an edge. A lab elling

p (p1,...,p ) is a sequence of probability vectors p
1
: A —

~ [0,1]

wi th pj(A k) being the p robab i l it y  of the  hypo thes i s  that A
k 

is the

correct label for a.. Shortly we will show how our spatial differentia-

tion opera tor can be used to provide i n i t i a l  es t imates  of these va lues .

The relaxation process involves an iterated updat ing of these pro-

babilities in an attempt to move P towards a g lobal ly  correc t  label l ing .

This is achieved by updating the value of each pi
(A
k
) on the basis of

the information in i t s  local ~nei ghb orh ood” . Thus , if a . is in N(a~)~ the

neighborhood of a1, then the probability of label A
k at a1 

will be increased

(decreased) by label \~ at a . if the labels are compatible (incompatible). The

eff ect of this change on will be weighted by pJl ,), the likelihood of

the influencing hypothesis. Thus, the belief in each interpretation can be

strongly influenced h’c- its context , leading to competition and cooperation between

alternative interpretations of ~ulements in a common neighborhood .

Now we only need ta~I define the compatibility functions which specify

the relationshi ps between labels. To some extent this allows the semantics

of the domain to he emp loyed via propagation of local influences in arr ivim ,,
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at a globa l i n t e r p r e t a t i o n .  We d e f i n e  the c o m p a t ib i l i t y  f u n c t i o n  between

a1 
and a

j 
as

rjj: A 
x A —p [—1 ,1]

such tha t  r~~~
(A k $ \ ~~

) 0 if A k and are c o m pa t i b l e ;

< ~~ ~ ~-k 
and A~ are i n c o m p a t i b l e ;

0 if A~ and are independen t .

Here we use the term compatible in the sense of the phrase °lends support

to” . For edge labelling the c om p a t i b i l i ty  of edge o r i e n t a t i o n s  mus t  c a pt u r e

both the t y p e s  ( or i e n t a t i o n )  of  edrt- c-c- as well as th eir s p a t ia l  r e l a t i o n s h ip.

Finally , we- have the basic - 1du~ o f up d a t i n ( ~ the change  in

as

= 

i - ~~~~~~~ 

d
1 

r . .  
~

-‘ k’ 2 )p  ( k u
) for I = I . .

I and k = I , . . .

w j u ’ ’ c  - ui - I - ( u t  Inc I t  I in ( m u )  u l u - l i l l ’  I I  I c u - V.9 n i l l S  0 ( 1 ( 1 1 3  JI~ -

le t us denote t h e  p r o h a h i l i t ’  of a label  -~~~~ , i f t e r  t h e  ~
t h  i t er a t i o n  as

~~~( t )
( - )  S i n ce ’  + c.Inl bet-one negc3 t i~ ’,- ~ cr ,i labe l wi tlu strong

ni t tc- I t  lye evidence 1 rom i t s  , - , u n t c - x L , the nup d a t ic wI II he nonlinear as

fol l ows

(1 
( 1  ~ 1 

~ ~ [I~ 
( n  

~ -
- C t ~ 

~

w i t h  ‘ p 1 r e m a i n i n g  in the i n t I - r v a l  I ron —l to - ‘ 1 .

We now mod i t  y t n- - q m l . 9  t I cnn to In or m c l  I v~ - the- cn ~u~) ,3 i i  va 1 lieS I I . ro ss  k = .,..., m

m i  o rder  to u cu ~~i ira icc a p r oh a b  ( l i t  v ve c t o r

= 

~~~ ( I ) ~~~~~~~~( (  f

k 
I

- 

I 
‘hi - - , ;cd .11 n i g  or ,  -- - I - S S  S l i m  be I t e r at e d  sen t - n i imhe r of I Imes , conve r g i n g

111 11)13 11 l u ~ , ; p 1  I v  1 - 1 1 0 5 1  c I t  I’flt m i  I ’ Y l u l ’t  c - u t  i o n  w h i ch ( l o p e - f l u 1  l y  is -s global l y

- 
- - l o t  c - i t T ’ - I flt .- m p i t  t at  i o n n . Some n t - s d 1 I c u  i nn  t i ,  u u i v e ’r g en c t ’  of this process

a r c -  p r I l v i u l - - u l  by / n u l ’i < I - r , K r i s i n u n c i n n n u i r t v  ~ m a t  F1 ’n a r I
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4.4 App ly ing Relaxation to an In er -Pixel  E~~ e Repre sen t  on

The ideas of the last section will be illustrated in a specific

example. For this treatment we choose a different representation of

edges among time pixels. Using the differentiation operator presented

in the previous sections , the set of possible edges tha t can be associated

with a pixel are shown in Figure 5(a); this would leave us with 5 possible

labels at each point , LINE O ° , LINE45°, LINE 9O° , LINE 135 ° , NULL (no line).

Here we simplify this representation by only allowing horizontal

and vertical edges to he placed in the image between pairs of adjacent

po in ts  as In Fi gu re S ( b ) .  R a t h e r  t h a n ~ ;I’I-I o c ia t j m l tc - edges w i t h  pixels ,

we have an inter—pixel ed ge r e p r e s e n t a t i o n  w i t h  t h e  l u c a t i o n  and o r i en ta -

t i o n  or  edges r ep r e sen t e d  a t  a l o c a l  l u - y e - i more n a t u r a l l y .  This type

o f r e p r e s e n t a t i o n  11515 some d e s i r a b le  ch,- m m c - l c t i - r  i c c - t i c s  and has been used

e l s e w h l -r e  ( B r i c e  and Fenema [1970] ,  Y a k i m o ” sk v  [ 1 9 7 6 ] ,  Prager , H anson

and Riseman [ 1 Q 7 ( n 1 ) .

l’here a re  now u n i v  t w i c e  as many p o s s i b l e  edges as pixels (Figure Sb)

compared  to I -I r t imes as many b e f i ) r e  ( F i g u r e  Sn ) .  However , we wil l

v i e w these  edge ’s q u i t e  d i f f e r e n t l y . The r e s u l t s  presen ted  in e a r l i e r

se - I  i l l s  a l l o w e d  t h e  t o u r  types  of edges about  a p ixe l  to compete , w i t h  onl~ ’

- 
- 

the strongest surviving. Figure 5(c) demons t ra t e s  why we do not w i sh

to a l l o w  the horizontal c-nod vertical edge around a point to he’ mutu ally

e’Xu (mis lye—— they l I t  11 sh i m u l  d he present for diagonal boundaries.
1

- 

I 
This leads m i s  to viewing each horizontal and each vertical edge

in our current representation as a distinct element a , in the set of

‘Note that now higher level processes will be required to detect the global

F characteristics of a strai ght line at some orientation other than hu rizontal
or vertical.

‘1

- 5 -  - —~~ - - -  -5 - — ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~
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elements  A.  For each element  t he re  are only  two l a b e l s  to he as s—c o. i a t e d

w i t h  i t , EDGE and NO—EDGE. Since the  relaxation scheme that we l u i ’ - ’e-

u i~’sc r ibed  de mands tha t  t i me  p r o b a b i l i t i e s  o+ t h e  l abe l s  sum to one , we

have a s i t u at i o n  which  has s i m p l i f i e d  n i c e l y ,  where -  on l y  one p r o b a b i l i t y ,

P(EDGE)  , need he s tored to r e -p r e s e n t  the  I ikel  I l n l c u i of t i m e  two label s - c - .

Before  d i scuss ing  the  e o m p a t a b i l i t v  c l j e f f i c ( t - 1 r s  an d the m a n n l ’c

in which the labels wi l l  be upda ted , Wt ’ w i l l  a d ap t  our d i f f e r e n t i a t i o n

opera tor  of Fi gu r e 3 to the  new s it u a t i on .  1 - i  g o n e  
~~

(d )  demou st  c u t  ‘-s

the  compu ta t i on  of t he  s t r e n g t h  5 ( E 1) of an edge E . ( i n t h i s  case  v e r t i c a l )

as the max of tine outpu t of the two masks which were  assoc ia ted  w i t h  p i t t i ng

an edge in t u e  g ive n p o s i t i o n .  Now l e t  us u t i l i z e  t h e  s t r e n g t h  of the

g l o b a l l y  s t ro n g e s t  ed ge in t i ne  image

= max S ( F , .)

E , t i r c - t ge

to co n v e r t  each S(, E .)  i n t o  th e -  p r n h i h i l  i tv of EDGE ( and  consequent  lv  d e t e r m iu l n g

t h e  p ro b a b i l i t y  ~ n N O E I X ; E )  a t  locat  ion I b y

Thus , the p r o b a b i l i t y  of an ed ge w i l l  approach  I on ly  a t  t h -  st ronges t

ed ges in the image .

‘
~~ On l y  th e -  speci f i c c - i t  ion of the cor patahil i t y  ~u m i i c t  i ons  r e m a i n .  We

must d e f i n e  r . . :  -
- 

-- [—1 .11 to cause  s u p p r e ss i o n  of r e d u n d a n t  l i n e s

and s t r e n g t h e n ing of weak or i mi c o r r e c t  l ines . G e n e r a l ly  these are  i n t o ! —

ively  s p e - i l i e d  as h e u r i s t i c  wei gh t s .  Let us cons ider  the types of wei gh t s  on

t h e  nei ghborhood of siirroundi ng l abe l  ~ w h i t ’h s - ch I l l  I I  i n f l  uencc th e- l i k e l l—

lionel 1 I d h o r t z o n m  i i  label.

— - - - 5 -  - -  -- - ---- - - - - -
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F i g u r e  5: An i n t e r — p i x e l  edge r e p r e s e n t a t io n  for  r e l a x a t i o n .

(a) Competing orientations of an edge for eacin pixel in

the previous representat ion. (b) Both horizontal and vertical

edges about a p ixel will be allowed in the new representation .

(c) For complete diagonal boundaries both horizontal and verti—

e~il edges at a pixel are required . (d) Modified edge operator

is maximum strength of the two placements of masks . (e) Th e

labels in the neighborhood ot a horizontal edge which mi ght

be used to update the probability of a horizontal edge ;

note that the null label Is ulepicted by ~~~

- ---5 - - - - 5-
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The labels shown in Figure 5(e) are the o n l y  labels  t h a t  w i l l  he

al lowed to a f f e c t  t h e  pr obab I Li ty  of the  h o r i z o n t a l  label  i n  t he  c e n t e r  ci

3 3 window . Horizontal edges “a” to the l e f t  and r i ght  of a h o r i z o n t a l

label represent the continuation of a horizontal line and should support

the likelihood of that label by a positive coefficient; tim e null label

“h” left and right should have a negative weight because the  edge doesn ’t

continue . Vertical edges ‘ c” should have positive weights since they

represent a consistent extension of a horizontal edge . Horizontal edges

above and below “d” call for suppression——hence a negative weight. Finally,

the presence of a null l abel “e” above or below a horizontal edge mig ht he

considered as supporting evidence (r.. = +.3) of that horizontal label

arid would be positive . Tine size of the weights emplevt-d represent one ’s

heuristic estimate of the relative compatahility of the Label of point

on time horizontal label of point i. Specification of t h e  vertical I c - i b u  I

can be derived by symmetry (a 900 rotation followed by a mirror image

transformation).

-rhe correlations for updating the null label can be heuristicall y

specif led in a simil ar fashion but it is difficult to specify as a set of

l inearly independent contributions. We will address this question again

shortly . Here , an r~~. 0 on all points will cause the probability of t ue

null labe l to vary inversely with positive or negative —hanges in the evidence

1
Note that Ziicker , }lummei & Rosenfeld [l975J deal with tine’ null label by
setting up a competing nuill label process. However , the desirable
weights —ire only clear in arec-is where there is no evidence of str ont~
edges anywhere in ti ne local cont ext. Thus , if multiple edges for a single
bounda ry  are a l l o w e d , the  n u l l  l abe l  p r o b a b i l i t i e s  only need to grow in
areas withouit c-d ges. If one is try ing to c a r e f u l l y  r e f i n e  the pres e-u n cu -
of a boundary to a sing le thinned edge representation , tine featur e-s for
increasing the probability of the null label cannot easily be expressed as a
set of weights for a linear function .

--5 - - — - - -  -— -5--— -- -5 -- —~~~~
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o f an ed ge. Thus , We luav e ’ t i m e  r u - c - i n s  of cosc -uplci ng a change  in t h u  p r o c - u —

bilities of the horizontal or verti s - ol l,ubc l based e lm t i c  surrounding

context , and by renornnal iz i n g  o b ta i n  n o.-v p r o  u h i l i t  u - s  , u f  t h e se  - c i g e s .

F i g u r e  6 are results of l -x ;mnip l e c - w  j i~ c dif I e - r , - n i t  c ou c -up a r ab  i i i  ty c m l —

efficients and show various problems s-- th the pr - s - c-sc as it has been

f o r m u l a t e d  in t h i s  pape r .  In otdcr t- ’ s - nv u c i d a s t r ’ n c - -  edge from being

ove rwhe lmed  by t h e  c o m b i n e d  e f f e c t  01 a n - m i r  ot weaker parallel , - d - a u - s  1 ’

e i t h e r  s i d e , reduc t ion of strength of n m n — m a x i u n a edges by -cents - f c - i c t e n  k

( in  our example  k 2)  wil l  be app l i e d  p r i o r  t e  i cc- g i n n i n g  t ine  r e l a x a t i o n

process;  i . e . ,  all  ed ges p a r a l l e l  and a d j a c e n t  to  a s t r ul n g - r  edge w i l l

be reduced . Figure 6(a) shows the resumit -m nt l e rt i ca l and horizontal

probabilit ies and an edge image with all edges with probabil ity lower

than .2 removed. I t  is c l ea r  tha t t h e r e  c - ire- incorrect edges whose pro-

bability must be lowered while’ many  v e r t i c a l  ed g e s  j un  t he d i a g o n a l  h o u m n d a r v

- ,uil d he I n ie -r ec - - i c u ’d

Figin r~- h (b) shows am~ examp le -ct of c e  ffic i -n i t -c- and the re - sum its

a f t e r  1 i t e r a t ion , while h(c) shows re~- iml ts i c I e r  0 i t e r a t i o n s .  The

i n f o r m a t i o n  cleans u i p wi t  ii most  o t  c - - e m  t l e i l  spurs  hang ing o f f  the

d i agon al  bo unda ry  in 6 ( a )  h - I n~~’ 
r;u r~ Id 1 Y cc - k u c e d  - however , t h e  tun a or

d i a g o n a l  b o u n d a r i e s  are m i s s i n g  k e- ’- y e r t i c a l I ‘ c- - whose p r o b ah i  I i  ty  h i s

al so be e-n reduced . I m i  addition t h e -  nippe r ri g i s t  i n a go n i l  b ou n d a r y  s t - u n  t ed

w i t h  lower p r o b a b i l i ty  edges and they are in t i i u -  u ocesss  m t  d i s i n t e g m - m t  i n g .

In a rde - r t o  cu u mb a  t t i m e - s e  e’ f l u ’ is , t im & ’ s i ze of  c - ~ r ,  e u f  I lie’ ~~08 i t  I ye we’ II ’ i t s

are incr& -a , u -’ I in t h e- examp le ’ of Fi gn ur e -  h ( d )  . i’h~ pr ob ab  I l i t  ic ’ s 01

a ft er 0 i t crc-it ions sh ow mau ny spun r il i um s ed ges gm - w inn st r u u n g v  r win i le  p a r t  - -

nt the- we- u i -c - e r  b ou imi d a  rv  s t i l l .  disappear. 

~~~~~~
- 5 - _ - - ---- - _
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F i g u r e  6: The relaxation p r oce s s  f o r  boundary formation.

(a) The i n i t i a l p r o b a b i l i t i e s  of v e r t i c a l  and h o r i z o n m t m i  edges ,

and the  l o c a t i o n  of ed ges w i t h  p r o h a l n i l i t ’~- > . 2 . (b)  An e x a mp l e

set of weights and the probabilities after anne ’ iteration . ( u c )  Shows

probabilities after 6 iLerations . (d) A set of c o e f f i c i e n t s  w h i c h

tend to grow more lines , and the results after 6 iterations.

(e) The addit ion of a featumr~ which is a non—I linear function of a

set of points -in the neighborhood , and the results after 6 iterations .
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It  is d i f f i c u l t  t o  b a l an c e  t h e  effects of keeping the vertical edges

In  t h e  d iagonal  b o u n d a ry  and the’ suppression  of g r o w t h  of s p u r i ou s  edges .

Much of this problem is due to the limitations of using a f u n c t i o n  in which

the points contribute in a linearl y independent manner. Figure 6(e)

shows the use of one additional factor , the probabilit y that an edge is

unconnected . For a given ed ge to he a part of a continuing b o u n dar y ,

there should be at least one h i g h probability edge emanating from each

end of our given edge. I f  the t h r e e  possible edges f rom each side are

called e1, e2, e.3 and e4, e5, e6, respectively , then

P(unconnected edge) 1 — MA X [P(e 1) , P(e 2 ) , P(e 3
) ] ’ <~1A X t P (e 4 ) , P(e 5) , P(~c’ ( ) I .

If this prob abil ity is assocLated with c- i negative weight , it will keep

spui in t i s  l i n e s  f r o m  gr o w i n g  o f f  a s t r o n g  edge in to  areas where t h e r e  are

only low prohabi 1it~ edges. However , this factor is a non—linear function of the

probab ility of six Labels and is an extension of the theory as presented .

The result iu f u sing thi s negative contribution i s  shown in Figure 6(e).

Now larger positive wei ghts on o the r  c o e f f i c i e n t s  can be used . The results

after 6 iterations show the desired effec t with all edges in the major

b o u n d a r y  g rowing  stronger. However , the other diagonal boundary dis—

appears because weak points within it caused it to appear d i s connec t ed

and it broke up.

If the relaxation process is to just carry out gross strengthening

of boundaries w i t h o u t  w o r r y  abou t  p roduc ing  t h i c k  l ines w i t h  m u l t i p l e

edges , it probably  can be m u-ned q u i t e  r e l iab l y .  However , i f  the goal is

refined edges as we have been seeking here , then it appears that contribu-

t ions from Indep endent labe ls will he quite difficult to tune and contr i—

h m i t i o n s  f rom sets  of l a b e l s  w i l l  probabl y he r e q u i r e d .  This  area w i l l

he left for f u t u r e ’  r e sea rch .

- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~—~~~~~~~~~ ----
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4 .5 Group,thg ~ s int2j~ine S~~~~ents

The problems have not been exhausted . Although the results in Figure

6 appear to be good segmentations at a macro—level , upon close examina-

tion there may still be incomplete boundaries , t e x t u ral  ed ges , and noise  p o i n t s .

If local edges which are a part of a common boundary are to be grouped

into distinct line segments , then some cr1’ criers of similarity is needed.

Certainly orientation is important when straight lines are being tracked ,

but in the general case this characteristic cannot be relied upon . If

a pair of edges are of approximatel y equal strength , it is a strong cue

that the edges should be joined . However , the regions surrounding any

given region are bound to have different properties . Therefore, no matter

upon what feature the strength of the gradient is based , one must expect

widely varying values as the boundary of a sing le region is tracked .

Figure 7a depicts three regions with the edge strength based upon intensity:

the strength of two line segments S.~ and S
AC 

bounding region R
A 

are quite

different.

This problem calls for the goal of forming line segments each of which

lies between onl y one pair of regions. Then , one can expect local edges

to exhibit characteristics which have less variance. In addition , the

comparison of f ea tures of the reg ions to eithei side of a pair of adja-

cent edges, Figure 7b , can be very useful in directing the ed ge binding

process [Perkins [1976]) . ~~‘t I e that SR(. and S w h i c h  are equal in strength have the

pr op ’rt u - - - of R ,. in common , h u i t  d l i  t o n i n g  p ro p~~- n t les on t he i r  t h r  i d e s

v s .  R~ ) Ie”u1~ to uu ppu s itC’ si~;ns on the d ire -  t i o m i  of the grad i -nt . The

i i i  i- I t  V (31 tWo u- ui  ~~ t-V I- an mu can now be based upon mm i ii more  cemp  1 e te

iisformat iu )n n , a compa r I s o m u  et (Fx . Fx 2 
I u m i d  ( I ’ v 

1 
Fy as well as S

1 
and S~~.

rhus , S\(. and 
~~~ 

ran 1mm’ d u n  eu I ‘ u I  - *~~ d i- - n t i m l u - t  ~u ’g ;n e n t s  v e t  retain information

— 

t i l t  I h e y  hound c- u common r u g  i ’l l .
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Figure  7: Use of region i n f o r m a t i o n  in the grouping  of edges .

(a) Three adlacenu t regions R , with associated intensitie s

- m  = A ,R ,C , produce edge strengths SAg, SAC . 
and S~~ .

(b)  The- f e a t u r e s  to e i t h e r  side of a pair  of edges can be

used to  g r o u p  th e  edges into boundary segments. (c) Edges

are’ grouped  and segm ents  of boundaries are symbolically labelled

w i t h d i s t i nc t  n u m e r i c a l  symbols . (d)  Segm e n t s  ob ta ined  across

the entire image . (e) The remaining long segments after

t hr e s h m o l d i n g by l e n g t h .

___  A
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Typical  r e s u l t s  of g roup ing edges (P rage r , Hanson & Riseman [19Th1) are-

shown in Fi gure 7c.  Dis t  l i n t n u m e r i c  labels  are us ed i n  denote  - d eun-c - w i n  i c l i

are part of a common bou n d a r y .  N o t e  the  p l aces  where  a l o c a l  ‘ - i r  ju t i -rn c- am e n - i

a boundary to be divided Into subparts. It is easy  to  j o i n  these- bark toge ’ t l c - - r

by comparing the global average values of each segment (when  there is not a

vertex involving more than 2 segments). Then small variations will have

little impact on long lines and context again allows decisions to he nc - ide

that o lierwise would be quite difficult. The result bind ing of edge-s produce

the segments of Figure 7d; segments can he thresholde.d on the basis of

length to obtain the most reliable boundaries as in Figure 7e. Further

analysis of these procedures are available in Prager , Hanson and Risemaui [H,I - 1 .

It should not be difficult to utilize region and bom inda ry  i n f o r m , i ’ i on

in an integrated manner within the relaxation process. The similarity

of the regions as soc iat ed  w i t h  c o n t i guou s  ed ges n ight  he a w e i g h t i n g

f a c t o r  for the mutual support of the edges. This could be used to

l i m i t  t h e  m u t u a l  d e v e l o p m e n t  of edges to those that would be grouped into

a 1 In c  and m i g h t  p r e ven t  t h e  :n gr ’~ - - u t  i o n  o f  t e x t u r e  e lem -nt  edge’s int o

a spu r ious  l i n e .

There are other problems that remain. The quantization of direction

by the Kirsch operator is quite crude A straight line segment whose slope

18 nOt a multiple of 45° increments migh t have local edges appearing as

shown in Figure 8a. One is faced with grouping these ed ges into the slope

of the line (as a continuous parameter). Marr [1975) has considered

a similar problem which can be summarized by Figure 8b. The line to be

detec t ed can be formed by grouping similar primi tive elements, which could

be defined by the shape of the element or an edge of a cer tain orientation. 

- -5 - - - --— -



-5 - — --5- - - -5—

333

FIgure 8c points out that an abstract line can be perceived by group ing

a set of places where each place is specified by an element (a l ine , end p o i n t ,

or some other entIty of arbitrary comp lexity) at some point in space.

In addition , curves may have to be fir to any type of boundary; line or

curve descriptors need not be restiicted to the orientations of the detectors

o f  small segments All of these additional topics deserve careful treat-

ment but will not be considered c-my further in t h i s  p a p e r .  

- - -- 5  -
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Figure 8: Addit ional problems in boundary formation discussed by larr [ 197~~I.

(a)  The- o r i en t a t i o~~ of globa l l ines  may he d i f f e r e n t  than the

o r i e n tat i o n  of the local edges being grouped. (b) Lines

formed by g roup ing  s i m i l a r  p r i mi t i v e  e l e m e n t s .  (c) An ab s t ra c t

l i n e -  can he t o r m e d  by g r o u p i n g  d i s t i n g t i i s l m e d  ‘ p l aces ’ , in

this c - in -c -c -  t he  e n d p oints of o th e r  l i n e s .

-- -- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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~~~~~~Formation

The two main approaches to region formation of natural scenes ,

other than the indirect route of forming boundaries , are based on either

merging local areas or splitting global areas , both eventually deter-

mining regions. In this section we wiLl examine some of the fundamental

properties of the problem domain that have been utilized in a few specific
C

examples of region forrnaLion. It is argued that most of this work has

focussed upon either local features and two—dimensional spatial properties

of the image or global features of the image , but that these different

types of information have not been f u l l y  in tegra ted . By i n t eg ra t i ng  the

types of feature activity in a scene with an analysis of their relative

spatial distributions , local region formation can proceed under the

guidance of a global anal ysis.

The discussion is complicated in some cases by the issues of semantic

guidance in the reg ion segment-ition process. The lack of a global view

of region properties can be compensatc-J for by providing (the probabiliti es

of) semantic labels to various reg ions , thereby allowing region merges

to be blocked or made more likely . However , there is some controversy

how and whether to bring semantics to the initial segmentation of a scene.

some of these questions will be considered in the a pp r o a c l u e s  t h a t  use local

spa t ia l  ai u l y s i s  and - ,~~
-
- 

. , un c - t Ic g u i d an c e  to merge s m a l l  regions .

Let us examiae t h ree  approaches  to reg ion formation. Recent atticl- -s

(Zucker [1975J, and Weiman [19761) can provide the reader with additional

approaches. The three efforts focus upon different ch .iracteristics of

scenes:



-5

1) Local spatial examination of the sc~ ne— This involves the merging

~ of local areas under syntactic (comparison of visual features

of the areas) or semantic guidance; regions are built up f r o m

small p ieces which hav e a higi- probability of entirel y belonging

to a final goal reg ion (Brice and Fenema [1970), Yakirnovsky

and Feldman [1973], Tenenbaum and Weyl [1975], and Tenemibaum

and Barrow [1976], Barrow and Tenenbaumnm fl97~~] ) .

2) Global examination of feature distributions across tue scene —

Here , peaks and clusters of activity in one—dimensional histo-

grams are used to threshold the  scene and r e c u r s i v e ly sp l i t

the Image ; large pieces of the image are broken down into

smaller areas until there is a hi gh confidence that they are

homogeneous under the features of interest (Ohiander [1975],

Toutita, Yachida and Tsuji [1973], Scha ch ter , Davis and Rosenfe ld

[19751); and 
-

3) In tt e r fac ing  spat ia l  ana lys i s  r i t h  f e a t u re  analysis  — Clus ters

of activity in two-dimensional histograms are used to label

I
local areas of the scene , fol lowed by a spat ial analysis of

these labels to guide the formation o; the desired regions

(Hanson , Riseman and Nag in [19753).

5.1 Pe~~ion Growin~ via Local Anal v s i s

There has been a range of work on techniques for locally merging

areas. One c~i n break any scene Into ‘atomic ’ areas by merg ing all ad—

— jacent points (either 4—nei ghbor or 8—neighb’~r adjacency) into the same

region i~ they d i f f e r  in some property by less than a threshold ~~~.

- - ---5 ~~~~~~~- - - -  -~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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These al gorithms are usually prograimned to sequentiall y add points adjacent

to a gi~en region or point
1. If ~ equals 0 , the se areas are formed in

the most conservative manner possible (althoug h even here because of problems

such as shadows one is not assured that these regions each lie entirely

wfthin an area encompassed by a single object). With only a little

experie r~ce in reg ion growing, it becomes obvious that there does not

exist any single threshold for region merging that is acceptable , even fo r

several different areas in a single scene .

Con s ider  subimage B of  Fi gure ld w h i c h  i n c lu d e s

on the ri gh t side an area of sky above the somewhat speckled roof , and

on ~he left side tree foliage (reflective highl i ghts and shadows), as

- ~ll as sky or roof showing through in some places. Figure 9 shows t h e

results of region growing (using 4—neighbor adjace. cy) with two values

of ~ ; the conservative value does not grow the tree together but a small

Lc-;rease (on a gray scale of 64 values) joins the  roof to the tree. What

is noise or textural variation in one area becomes a meaningful boundary

in another. ’ Thus , dynamic setting of thresholds is needed in the different

areas , but that Is a complex process to automate without global guu i dc - ince

or a priori knowledge . It is always difficult to determine whether or not

a local discontinuity with respect to some feature(s) should bar further

region growth or should be brid ged as an Internal var iation of the reg ion

being formed. However , one meta—strate gy is to form —itomic areas far

It is easy to formulate parallel region growing algorithms . In a
spat ia l  a r r a y  processor  sac - li as t h e  p r o c e s s i n g  c o m i c s  ( c - I c - - s c -  rihed in sc --c t i o n

3.3), every Im age point can l et  35 an initial ‘ sc - -cc - I ’ p o i n t  and  a l l
reg ions can gro-~ s 1 c -~u 1 t a ne o u sl y ( w i t h  some being gobbled up by others). 

- -  ----5 - ------ 5- - 44



to o c- o t i s t c-r v a t i  v i -  lv and then Se-e -I- add i t  i c - t c - : i  1 1flC ;c -n~ of I ~ r e I ng t c - c - - c c -  m m  - u s

( h r L c - -  & Fenema [1970 1) . T i c - i s  c-on he- e t j e - c t  l v t ~ bu t t  i t  i s  vi- r v d i i  f i c u l t

o avoid a l l  i n c o r r e c t  l o c a l  i c - c - c - - r e-; ; a s i ng i  ‘ l e a l— ‘ i t - t w c e - n r en i o l l s  m i g h t

cause v e r y  l a rg e  changes in the f i n al  s e g m e n t a ti o n .  Se -m a c- i t i i  co n s t  m a  l u t e

r ave been used to  p r o v i d e  create r ri- I h u h  i i i  t v .

F re t i der  [19761 provide s aim in t e r s t  log -; :u c- u t  i o n  o the rd - ion c - c - c - - r c -~~if l g

process h c-~ m c - c i p i c - c - p  P ace  r c c -~ lo c - l s w h i c h  a r -  r e l a t i  - c - - l v  c-c- c-o re s i m i l a r  t o

each other th un to  o th e r  r e g i o m ic - -c - . T h is  5 c c - c - l i t  i c - c - c - m u - c - I ari d a t r ee  c - - f

in  c o n s t r u c t  ed m ip I -  a s i c - m c -~l c -  r c - -~ c - u o v e r  t i c - c  c c - c - c. Th i s  wi l e  s t r m c - t m i r - :

w ou ld  be passed to  a g lo b a l  semant  i - c - r u  essor  v c- c- i ch c - c - c - c t  c- - :-c - 1 rac  t t lie

i- t lev c- in t  i m m f c - c - r c - c - - : i t i o n  b c -  d i f f e r e n t  p a r t s  o f  t h e  p i c t u r e  f rom n o d e s  o f

the t r~-i- :u t  a r y i n g  i c - v - - i s  o f  g r - c - c - pi n t .  l’ e t c - c - c - tf O l l v , t h i s  can be c - u

- c - c -~~u r f c - c -l and flexible w i r y  t o  pre sc --n t  1 n f u c - i :c-~i t j ell t o  e c - t c - ~~u c - I t  ic  p r o c -  e s s u m - m .

flowever , i t  seem~c- t h a t  P c - t m e - c -  s hou ld  be •e~r e . m t  l v  p r u n e d  p r i o r  to  sic - c - c - i flt lc

p r u s e- e s s i nc  it it is t c - c -  l i t  u s - i c - i l .  T h i s  1 c c - m i s  t o  t he  d u f f  c - c - I t  p c - m e - C L  i on s

c o n c e r n  i ns  t e y t  c - c - i-c t h a t  r c m c - c - - u i n  to  he s o l v e - I i f this is t o  Ic - c - - a v i - h l e

c- -’ p p ru n- I m -

---5- - -
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F m  g m m r c  c - ) :  A simp l e r eg ion growe r , wh er ~ n c - i o n s  a r c - -  r e or e se n t e d  b y mi

u n i q u e  s v n i c - c - l i c -  l abe l  (mod 99) .

(a)  Reg io ns g r o w i n g  cc-n in i c l i c i t v  ~- - m l i m u -e of S c - i c - m i m i c -c - c - c c  B w i t h

-G = - ( h )  Reg ions  crown w i t h  0 = 5.
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‘) .~~ ‘l’ r c -’, in~ (- 3 ;i c - c - c - c -~ I m i - I c - - i  S r r n s m n t  li I c - c -  i d ;rnc tc -

‘ I i i ,  I c - c - c - c - i c - ;  c- c - f  t i c - i s  p;u I c - c -’r lic - i s hem-c - i  upon  t e c h n i q u e s  t h a t  can be c - u ; c - p l icc -u

c - mm u tc -’p c - ‘t l den t I v a £ the  semant  i c -  c- - c-~ c - c -  I c- -x tc- in  wh i cli the  c ompm i te l -  v i  s i c - c - n  c - ; V c - -  t i -mn

is c- c - p e r  t c - m g .  I n  mac -is ’ sys tems  -c-t ore ’ 1 ‘iodcl c-s c- ire used t o  m ; i t c - li and t uu -i c-

ro i i  no no i sv and I n comp lc - - t o  S e g m n c - - i c -  I- c- t Ion . ~1m i r  gene ra l p~~: i t  io n was out  I i tic - c - I

i l l  t c - c -. - c - n t  r , c - c - l u c -- t [on — — t h a t  i t  is c-h-si r ab  I e to p m - n o rm ai9 m i t  L i i  s e c - - c - c - c - c -c -em i t  ion

c - s i t l i c - c - i r t  u s e  of s c - - c - - c - a nti c - ; iiifontna t [c c -n.  I 1 c - -,- - c - - ’,c- c - - r , t h e r e  c-Ire rn - c- n v Oppo rt Uni t i c - - s

c - c -  mi s c - c suc h knowi ed ge in the kind s c - c - f p r oc-- c - - - - - \~ c-i ~c-~ 9 V c -  - 1c -- i i i  c - - c - - c - : i r n i n  i c - c - i ’

T I m i s  - c - e - t i o n  o u t l i n e s  , i  coup le o f  t he more  gene~ - L l  a t t e m p t s  to i f l t e c - c - 1; i t c -

sc- -gmcrl t m t  ion ,itid i n t e r p r c - - L a t  i c - c -c - I  b y c u i n t r o l l i c - i c  t I I ’ -  rnc - - r ~ i n c  o~ c - c - t o ni c c - c - c c - I S .

li me d e c i s i o n — t I c - c -- a r c - - t i c  ; r p p r o a c lm  c - c - c - :  i m a c - c - c - -  l o t .  c - p r c - - ’  c - l i 1,0 c - c -f i c - k  irm ~ c -v iskv

c - in c-I Feldman [197 ni i a ddr e ss es  t h c - -  c - i  1ff  i c - - u I t  i c - - i — cr O V i O L J S I  v ou t  I m e d  by j o t  r c - c - —

c - l m i c -- ing  seman t i c s  in a c - I c c -  I s i o n — t h e o r v  f r : u ; n e s s c - c - r k .  T i m e i r -~ c - - r n c n l  i t  io n pro c -e s-c -

is I c - c -  -sod on m e r g i n g  a t  c - c - r n  Ic arc - - c - c - s if t h e  1’rohah i l  i t  V 03  a ci cc -hal i l c - t c - - n l c - r e t a —

t inn  is l m i c - i c - c - \ ’c- - - i

P c, I ic-hal interpret c - c - ’ 1(1 13 c- - au  t e x t  , ic - ic - a c - -c - c - i  cements

= 
V p c - R ( i I i s  I~ I ( 1)  v c -u I ic - - c-c- of neIc - s c - i r c -- c - c - c - -I ’ 1t c-c - on R ( i~ I

* l ’c - B(i j) i - s  h ’ t w - c - i !  [‘31( i) and J~1 I ( j ) H c - c - c -’ - i s u r e m c m m t s  on B ( i , j ) 1

R ( I  
* j

I
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where R(i) Is r egion  1 , B(i,j) is the h o c c - c - : d a : s -  between regions i and j,

arid l~T(i) is the semantic interpretation of region i. There are several

important points to note. The identities of regions are assumed to be

independent of each o ther ex cep t for  the rel ationsh ip acr oss the borders ;

borders are also assumed to be ind ependen t of each o ther and depend on ly

upon regions to either side. These assumptions seen to be reasonable

approxima tions f or local reg ion interpretation. However , when a roo f can

appear on either side a f a tree , such an assumption fails. Of key

Impor tance , t hou g h , is  t h at c - - - c -’ c - c - c - - t i c  , c - f c - c - r c - : c - c - i t  io n is in t roduced  at  t he  c--c- a p c - c - c - c i t a t i o n

level—-regions can be merged if 519ev Improve the  w-9 an ing  of the partition ed

scene . The boundaries between piirs of regions are linked Into the region

analysis , influencing the segmentation and interpretation processes.

Excellent results were obtained on several road scenes and chest x—rays.

This approach in tep r -t tes t ic - c sogmentat ion and interpretation phases. It

u s ’  c ap t u ru ’ o  t t i c - - f l avor  of the  nor . : n c - c - c c - - c - i t  r e l a x a t i o n  s c l i c -’nies by a l lowing a

I~c - ca 1  h y p o t h e s i s  to be i n f l u e n c e d  by t I c - u  c - c - c - c - c - c - t e x t  01 o t h e r  local hyp o t h e s e s .

i c - c - v u  c - c - c r , i t  Ic - c - es a pa m - u I 1cc- i

computational flavor for determining a model because decisions for

merging ’c-reg ions are carried out sequentially. Yakimovsk y and Feldman

avoid an exhaustive sequential search for t h e  b - ~c- t global interpretation

by approx imating the best interpretation as a result of a heuristic

search.

I is I- -c- - s  t I c - c - -  ox c- - m c l v  d i f F i c u l t  c - r c - - h [ i’m c- c- I~~u c - c - l e t i ’ r m L l I , l t i ( l n

of the probabilities for this  scheme . The pr c - c - hi [c - ilit i es for interpreting

R(i) u. c-pm f eas i b l e  b u t  t h e  r e l a t i o n sh i p s  of bounda r i e s  in an i n h e r e n t l y

_ _ _ _ _ _ _ _ _ _
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three—dimensional world often vary uncontrollabl y. Although one knows

that sky is virtually never below ground (actually a protrusion on a

v3ountain or a change in one ’s viewpoint would allow this), one cannot

fix the probability of seeing a car roof adjacent to grass without having

a very restricted micro—world. On the other hand , the inherent s- c-c-a-

dimensional spatial relationshi ps of a ch est in an x—r ay photop nn- ~ic- i3t~1

relatively easy to approximate. In the most 5’c - u i , - r i l  c-~ipp i  i cat  i o n s  t h e i r  a p p r o a ch

might have less difficulties at later s ta g e; ;  of p r oc - - ec - - s i n~ a f t e r  i n i ti a l  s c - - g i i c - - c - c - t c - t  i c - r n .

Tenenbaum and Wevi (1975] present a detailed anal)c is of a range of

strategies including syntactic and semantic mer ging criteria. The simp lest

nonsemantic measure s involve comparisons of average differences in

properties of local areas iimnediately to either side of the coituuon

bound ary (one of t h e techniques emp loyed b y Brice and F’enema (1970] i-n

the fundamental early work on region growing) or average p r op e r t i e s  oí

the entire areas. The two regions with the weakest boundary are merged

and this process is repeated . All the algorithms performed many correct

merges, but a few bad merges (‘leak ’ of one region into another) can

produce d isastrous consequences. Another difficulty is the lack of mean—

ingful stopping crit or -l a for the algorithc-—s .
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Tenenbaum and Barrow [19761 demonstrated that the interactive human

semantic labelling of regions could be used to block most erroneotc-s

merges made by nonsemantic rules. They i n t e r a c t iv e l y  S i : [ f l c - ]  i c - - c - I

I c - h
~~

ls of i d e n t i t i e s  to i n i t i a l  c o n s e r v a t i v e l y  formed a tomic

r c - -~y oic-s whose size is greater than some threshold U ,.

Then , an a t t e m p t e d  mt - c- - per  of two reg ions w i t h  d i f f e r i n g

labels can be blocked , while the merger of an unlabelled regi uc--c- with a

labelled region will inher 5 t the available label , and finally the merger

of two unlabelled regions w i l l  remain unlabelled . i-’cc-r those unlabelled

reg ions that grow larger than the human ag a in  s u p p l ies  the  p r op e r

label . For c-i s imp le  c - f f i c e  scene and outdo’or scene , the f ina l  r e s u l t s

are qu ite reaso nabl e whe n 
~~ 

is set so t h a t  about 20 reg ions are labelled

dur ing this p :occ- ss .  -

‘l ’hi s  c - : c - c - c - r - c -  i c - i c -  led Ton i c -nb c - c - t i m and I t r u c - r c -c- c-c- t o  i n p I u c - -.’ c - i V e c - c - e r _ u l i ? a t i a n  c - c - f

W a l t  z ’s J l97~~I c- - a r c- s t r a i ns  c - s c - i t  t s f c - i c c -  i c - c - c - i  t i c - c - c - n c - c - a c -- I c -  c - c - t m  t h e  r c - - c i O t 1  l a b e l s .

(onstraint c--c- i t f stau - t ioc-i c i i i  [- c - vi.-a’c- c - m s  c-c- — - i c - c -_ c- i c - u i t c --’pe cc -  r c - - I a x c - t  i c - c - n

p r c - ’ c -- c - - i c - c - r c -- wh ore  i c -  lat b c - i c - c - hip- - c- i c - ’ t ’ , , - ~~ c - c - t a t - e l s  i n  c - c -  icc-al - c - c - ic - t e x t  can b c -

used to c l i n i c - i c - t m -  S C - i n c - c -  at  the  c - I  t m - m a t  i c - c -c- 1 - c - b o1~~. They c- x t_ e c - i - 1 t h e  sec - n c - ant  Ii-

reg i c - c - n  mergiflc-i process ic-v c - i ]  c - - c - c - i c - i t  i n c  t i - c - i s  n c - e r gi nV [ c - N c - c -  c - - s c-s w i t h  ti m e pr c -’p c- g: c -—

L i o n  o f sem a n t  Ic c c - c - l u s t  r u  i n t c - -  cc-n t i c - c -- i d c - c - n t  i t  v 1 c - ih ’ s l  s . P c - c -  r t h i s  ap p r c - c - c - u c h

t o  ic - c - autam atec -I it rc- - c - p c - i c - - c- S l u t ’ i n i t i c - i t I c - b c - l i  ic - c - c- -. - c - c -  a l l  cc - I  c - - n c - cO t ac - - c - - reg ions

( c - - v e i l  i n c - i i v i d m i c - il p i c t u u m u  e l e m e n t s ! )  and t h e  - - c - J u t- c - i f  ia - c - i S b n of c o m p u t a t i o n a l i v

ef f e c - ’ t lye proc - - emi t i - - -c- t c- c- ex t  c - a u  t t i l e  s e rn a nt  Ic rd - i t  I a r c - s i c - i  nc - c -  bet wean  reg i o n s .

I c - c - i c -’ c- ’v c - - r , t i c - c - - ( i c - c - t e l -  S c - c -  v h i u ’ h c - c - I c - c ’  c - i c - c -  c - - c - i t  I ’ s t i c - L O r i  I c -  l a b e l  t h e  p o s s i b l e

i n t i  c - c - c - i t  - i  i c - c - u s  of c - c -  c - — n c - c - I l  s c - - c - - L i o n  o f  c-in ob 1 c - - c- - t  c- i n t h e  i c - c - i c - c - i s  c - c - f  p c - u n i v

l u c - e c - i l i n !  ‘ - i nc - l t ion  ic - i  s t i l t  u n c -- c - c - r t  c - c - i n ;  v i t h  a i c - i r o c -  n m i u c - c - b c - c - r  ci possible

o h ] c - - c- - t  .s t i c - i s  ~c -t c - I c - i c - c - i ’ m  may h c - - s c - c - c -  b c - c - s  c - c - c  c - i c - c - t i c - c - - c - -us d e m c t n s t r a t c - - examp le s



w i t h  this labelling supp i it’d m a n u a l l y o r d i  rou t cc- I via  p r o— d e f i n e d  i~c - - c - c - nic -- t r i m

m o d e l s .  l’he r i -c-s u i t s  d i e  ( I c - l i t  i n t e r e s t i n g ,  c - c - c -c- t h e  e x t e n s i b i l i t y  of t h i s  
-

approac hi to  c -t ic -  t on i c -It b C sc-- c - o u c h  S c - i t Ion of t~~c- c - u c - v  c - i  I scenes u - c- ac - - c - c -c- c-s to he qu it e I

d i f f i e m i l t  . Discussion of these p r o b l em s  is  p r c s u - n t c -c- c - I ic - c - a b i t  more  d e t a i  I

in Ar b i b  and Riseman [19c-h ] .

When one examines the effort and i n g e n u i t y  i n v o l ve d  in trying to

keep one region from leaking into another , one can onl y conclude that -

better nonsemantic data will be requir ec-i to guide segmentation. In

particular , i t sugges ts the need for  anal ysis of feature activity in

the context of the area under consideration. For rc -eig i n g  purposes , one

can only determine relative similarity of atomic a reas  in the context

of the characteri stics of atomic areas in the vicini ty . This consideration
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leads to the more global feature analys i c - ; of the second major appro~ c-i h .

~~~~~ion Fo rma t ion via Global Ftc -a Lure  Analvs  is

This approach is based on the premise that the global distribution

of feature activity in a scene contains sufficient in f o m i a : l o c - c -  f o r  c - c - g -

mentation of major areas. If two regions ~;ave a d i s t i n c t  d i f f e r e nc e  in

intensity one would expect the intensity histogram to form major peaks

about their respective means. Fi gure 10 is a set of one—dimensional

histograms for subdrea B in Figure ld and in certain places they have a

multimodal  d i s t r i b u t i o n  or the type expected . One can t r y  to f o r m  the

desired reg ions by separately turning on all image points in one or

another of the clusters. Automatic determinat~ o:~ of c lu s t e r  boundar ies  basc - - c-c - i

on histogram peaks nay be simp le or  d i f f i c u l t  d e p e n d i n g  on the particular

case. If one examines cluster 2 of Figure lOa, and the po in t s  t ha t  are

turned on in the image (Ftgure ha), it appears that tbis approach works

nicely. -

Ohiander [1975] developed a technique of recursively parti t i c - c - ni n g

an image by setting thresholds at valleys of lD—histocrc -tns of v a r i o u s  f e a tu r e s .

The first part iti c c -n will form around the clearest pc -’ak in any histogram ;

then, the associated points in the image are tn ic -cd on and adjacent points

with the s an e  label can be merged into a reg ion by grow ing on the symbolic

labels; these regions c-ire smoothed by blurring, and each of these distinc t

regions w ill he the basis for further analysis by h istograms . A region

is kept Inm t i : c -  only when It is unimodal in aLl histograms emp loyed.

In order for this process to work , Ohlander subtracts out ‘busy areas ’

of texture and smal l c -- r detai l by using a measure of the amount of edge

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  _ _ _  - 
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in each local area. These areas are processed by diff c - - r m - c - c - t

techniqu”es including t he  blurring operation previousl y mentioned .

Despite the obvious effectiveness of this procedure  in some cases ,

there are several deficiencies with this type of histogram analvsis. hc-jn c-;~~m ic - - r some

of the other histogram clusters in Figure 10——the peaks and cluster

widths are not so clear. A more serious problem , though , is that dif-

fere nt ob~ ects cart have partially overlapping distributions in one or

all of the features. This can cause peaks and valleys to 1 ; - - -c - c - -  ur and

disappear  as th e  p a r t i c u la r  c o m b i n a t i o n  of o b j e c t s  is va r i ed , desp i t u - -

the p o s sI b i l it y  t h a t  a l l  of the objects appear visu ally - li s t - nc r t c - u

the human observer . A companion difficulty is that one c - c - c - ; c - - ’c- exc-ic-e--

BSI features t o p r o d u c e  c l u s t e r s  In many  t yp e s  of t e x t u r e .  The b~ i r r i n g

opera t ions  ern p c-c -oye d by Ohiander  w i l l  no t  be s u f f i c i e n t  to deal  p r o p e r l ’c-

with the , en e r al  :h ar a c t e r ist i c s  of t e x t u r e .

These p o if lt s  are  ea phas ized  when one examines  the  r e s t  of t h e  HSI

histograms ~n i~~g u - c - :e  10. The two c l u st e rs  in Figure lOa produce a

reasonable  f i r st  z u - a r o x L a c - a t i o n  in d e l i n e a t i ng  the sky area and tree

area (Figure h a ) . However , when one maps t h e  t h r e e  s a t u r a t i o n  c l u s t e r s

of Fi gure  lOb b ack - c - c - n t o  t he  image (Fi gure  l i b ) ,  one finds the clusters

associatec-~ w i t h  sky (3)  and roof (1) i c - I c -  interspersed in the tre e w ith

the last cluster (2). It begins to appear quite messy. Use of the

intensity hi stao rc - ia is also poor in that tree and roof arc - in the same

cluster tc~ et !c-er (Fi g u r t - llc). Although the o t h e r  h i s t o g ram s  will

separa te t ”ese reg ions in t h e  recursive sp lit t itc -1 ; process , the formation

— - c- c - -



of the tree as a dir-tinet re c-~Ion wili not occur because tile hue mapp hig

will be sp lit by the saturation mapping .

One can ~~~~~~~~~~~ that the sequential determination of largest regions

can be used to continially subtract away the data which obscures the

presence of less noticeable pe-mks . However , t h e  quality of this algorithm

seems to be subject to an arbitrary condition , namely the particular mix

of regions being ey c-a a i i n c - ’d . Tic - i s  p r o b l e m  wo u ld probably be red uced if t i c - C

image were broken into smaller areas; th i s c-c-an he tho c - ic~c- t of as

a foveal window where t he  sys tem in i t~~a I i y focusses  c - ri  a d i r e c t e d  a c - a c - i c - c - e r

upon a subarea of the entire a - -- no i-~ far ac -ore  d e t a i l .

~-c- i c - c - c - i c - c- -c - n v , the  peaks c - c - o u c - 1  d i i c - i v c -c- le s s  chance  of

being obs cure c-~ if m u t t L — c- l i n e c - c - a a o rc - a l  i c - i s t o g r c - m m s  were  e mp l o y e d  a1 t h c - c - c - c - i g h  t i c - u - - c - i

the d e t e c t io n  of  peaks and c l u s t e r s  is less straight fo rc -- i - c - rd ) Fi~c-ure

12 dep icts possihle difficulty Ic-i discriminating different inte c - ic - c - i~~y and

hues v lt h  one—di m en s i - :n - -il h i s t o g r a m s . One m i g h t hope t h x t  o t h e r  f e a t u r e s

would detect diffcrc- :nces in thu - c-c - c c- c - s e a .  Of ceoc -  a~c- this prob lem can

occur in 2D histogr c-uc-c-a and require one to go to  h i g h e r  d i n c - -n si o na i

spaces, but i t  i c - c - c - c - s t  w i t h  2D hi c -- c - t o~~rc - c -ns pa liwi -se c-~cpend u- - ncic- s

c - u r i c -  av a i l a b l e  ~c - c - c - c - t  this mi~ Tc - t b e ac -uf ficient. ~ut t i c - e c -  e is a still more

significant drawback that must be overcome ; ti c -- m r  is, t h e  lack of i n fo rma t ion

on the spa t  I i~ r e l a t i on s h i ps of the features hei; -g examined .

When a h i s t c -- g r c - i m  of a f e a t u re  based on individual points is used

to form a reu ci on in tic-c manner descril- c- -d , spat ial informatl’Dn is crc-ic-toyed

during this u -m alv c - c - i s only in terms of ad m c i - ru- v c - c - c - pc - c - l o t s  wh i c h  Ic-ave s im i l a r

labels . On the basts of global lulstog r-iac - a n aly s t s , one cannot  d e t e r m i n e

the d lf  ~cr~-ns - c - b e t w e e n  -i  c - c - -c - I a r c - i  b o r d e r i n g  c-i yellow area and red polka
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Fi gu re  1 2 :  P o c - c - c - n t i a i  p r ob l e m s  with c - c - nc - — c - I i c -c - c- c -  n c -~~i c - c - m c - c - u1 I u i s r c - - c - c -c- ams .

( i )  c-\ sStc - tc -i c- t our O l c - c -~~t C i 5  CI c - c - C t l v i t -  in c- 11) h i c - c - c - c~ r c - c - c - c - c - O i

b r i e  v s .  i n ( c - - c - c - s i t v ;  t i c - c  iu c- l ~ c - c - c - c - f  c - c - c - c- l v i  t v  I r e  i s c - - i u u m c -c - 1  t o  be

at  t h e  c e n t c - -r  of  c - - c - c - ti c ir e  Ic c - c - ic - c - I i c - c - p c i -- .- i c - - a l lv c - I c - i -  c - c - m i  I c- i -

axis c- c - C c - n m -c- c - cc - m i t  uif ti c - i - p - ip c - -r. ( i i ) c- \  II) histo ~~c- - c - a c -  c i  e i t h u - - r

ic - u -  or i nt - -c - c- sjtv w i l l  ohse i i yu - c - t I c - c -- d c - c - s i c -  i
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dote within a yellow aria -—th ey can produce identical histograms and the

d i f f e r e n ce in s t r u c t u r e  is not c - c - c c - - n .  More ~c- u c - n e r a l 1y a texture can be

composed of a set of micro— or s u b — t e x t u r e  e l e m e n t s .  Each m i c r o — t e x t u r e

I could c o n t r i b u t e  toward a m a c r o — t e x t u r e  w i t h  a g iven spa t i a l  d i s t r i -

bution p
1
. These distributions mi ght tend towards sp atic - ic - randomness

or they mig ht form more structured ge— c-metrical relationshi ps. The rela-

tive occurrence of each micro—texture type - -c- In remain fixed and still

allow a virtually unlimited number of different textures.

It~ many local c- Ire u c - c - possess s i m i l a r  c h a r a c t e r i s t i c s , t h i s is a cc-iu--

to texture , e.g., sky  and fo l ia g e , n e w s p r i n t  on p ape r , or a s i m p l e  checker-

board . It should thus be possible to bind various types of micro—text ure

characteristics into a single macro—textured reg ion . If one turns on either

the blue or the green patches of sky—fol iage texture for separate analysis ,

only a partial t e x t u r e  is obtained and other kinds of problems are intro-

duced . It is clear that the spatial relationship of these features is

a fundament4l aspect oi this tc - - c-c-c-ture. Blurring to sc-c-c- c-c - o t t c- these reg ions

and make them homogeneous  is an alterna tive , but this produces its own

problems and does no t  get a t  the basis of t e x t u r e .  Our so lu t ion  fo r

effective r eg ion  g r o w t h  ca l l s  fo r  u t i l i z i n g  the  s t r e n g t h s  of b o th  a p p r o a c he s ,

Integrating global feature activity wi th a local spatial reg ion growing

process.

.~ c- 1 t c - t c~~r c - t  i u u ~ ~~t c - c - l i  i c - i t  c-c - i c - c - u  i v s i s  wit tc - (,lobal Fec-iture Ana lv sls

The scheme we present for binding feature histograms to spatial

relat I c - c - sh i ps in the Ir c - c-igc Is d e s c r i b e d  in more detail by Hanson , Riseman ,

and Nag ic-i [ 1 9 7 5 1,  mcI  b c- - c - i r s some s i r c - c - l 1 c - c - r i t y  to  a p r e v i o u s  i n v e c - ; t l g c - i t i o n

by Tomita , Yachidc-i and Tsuji (1973). In t h i c - ;  a p p r o a c h , h i s t o g r am s  of
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various feature pairs are emp loyed to find clusters of feature activity.

The sy s t e m  r e s t r i c - c - t s  it; a t t e n t i o n  to a two—dinuensiona l i t i c - r i space because the a c - i a l v s l s

of the h i s t o g r a m s  can be carried out  b c -  o p e r a t i n g  on them ac~ pse u d o — i c - c - c - c - t i e s

in the processing cones descr ibed e a r l ier  (since the cone is essen t i a l ly

a general 2D a r ray  p rocesso r) .  The a lgor i t hms  assume the  ex i s t ence  of a

process which can d yn amically select relevant features and make them

‘active ’. The point has a l r e a d y  be en  made tha t  the  composi t ion of the

relevant features varies with the situation ad with the movement of ,a

fovea if one exists in the system. A ia-.~- -1evel system will need a front

end for  this  s e l ec t ion  process  and it  would have to be i n t e r f a c e d  to the

several other t y p e s  of a l g o r i t b m s  t h a t  we ic-ave presented.

Each feature is c o m p u t e d  as a f u n c t i o n  of a local w indow of some

size (the windows nay be overlapping or non—overlapp i ~) .  As the size of

this window increases, the quality of the information changes depending

on the situation. If the window is centered entirely within a region ,

then c - h e  a v e r c - u g c -- and variance c- o n h c - i c - t c - c - t  over the b c -  al c - c - r c a  becomes c - - c - t a t i st i c a l lv  mon

mea n i n g f u L as the  s i z e  i n c r e c-c-s c - s  . On t l i i -  oLl ier Ic - ic - id , c - i s  t t u e  s ize i n c r c - - i e c - - s

it becomes more and more l i k e l y  t h a t  t he  v I c - c - c - t o w  w i l l  o v e r l a p  d i f fe r e n t

regions and a ‘tr iu tant ’ value for the aver a ~~~o and variance will be nroduced.

This Is the window prob ]-sm that ~~c - c - have alread y m - c - t i cr-c-cd , and we sha l l

see shor tl y that this type of noise C c - I c - i c - c - c - c - c - ;  p c - b l e ins .

Figures 13 and 14 are t c -~ c- s i m i le  cx i c - c - ; l c - l e s  of t w o — d i m e n s i o n a l  h i s t o -

grams of sub-u  e i  B ( r oo f , t r e e , c - iri , 1 sky) of our  e x amp le  scene , in particul ar

hue vs. I n t e n si t y  (H V S. I ) ,  ec - c - !  i n t e n s i ty  vs .  s a t u r a t i o n  v a r i a t i o n

(I vs. S
w

) .  Desp it e  t h e  no ise i t  is q u i t e  c l ea r

_ _ _ _ _  _ _ _ _ _ _ _ _ _ _
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that several major cluster s in t l m ~ c- d i f f e r en t  f e a t u r e  spaces c - i c - c  c o r r e l a t e d  w i t h  t i c - ic-

color  image .  The sky  is b r i g h t  b l u e  ( c y a n )  and the  roof a speckled r e d ;  t t i -~~c a reas

have little variation in intensity and saturation. The tree area has

a hue of various greens , blue , and white; saturation and intensity var c-i-
tion Is high because the surface is irregular and there is large variation

between figure and background sky showing th roug h.

Useful information appears in all of the histograms and the clusters

in the different histograms are certainly correlated. A low—leve l system

should extrac i: these dependencies and use the redundancy to increase the

confidence in the results of this processing. A lt lc - ou cc - li some clusters

are qui te clear and easy to extract , o thers  are more amo rphous and wide-

spread. The clarity and definition of a cluster may be aggravated by t he

window problem.  A window that overlaps two adjacen t homogeneous  reg i on -c -

will produce a value in between these clusters when computing t i c - c r  nc-c- a c - u

of a f ea tu re , and f a l s e  a c t i v i t y  in the  case of v a r i a t i o n  of a f e c - i t  u n

This can produce  t r a i l s  be tween  c lu s t e rs .

In order to reduce the impact of the window problem on h i s t o g r a m s ,

the technique of non— ma x imc-c- s u p p r e s s i o n  d i scussed  in Sec t ion  -~ . 2  can he

utilized. In t h i s  application we have chosen to generalize i t  to a

process of non-extremum src -np re~ sioc-i : values which are not local minima

or local maxima in 8—adjacency nei ghborhoods will not  be allowed to

contribute to the  h i s t o g r am . This wil l  have the effect of suppressing

much of the trails ti c -- ic - c c - u - ri c lu s t e r s  associated with smooth regions .

As the window moves across  a b o u n d a r y ,  the values of th e  means of a

window w i l l  he ch ang in~ f rom mi t -i to max (or v i ce ver sa) , while the

values of v a r i c -i t l o n s  w i l l  increase  and t h e n  ( c- I c -c rease  so t h a t  on ly  a
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F i c - i c - r e  13 :  I s c - - c - c - c -  t w o — d i n c - e r c - s i o n al I i i - i c - . rc - u r i is to t i c - c - c - c - I c  r euc - c - o n f o r c - c - c - i t i o i c -

i n  c - u i c -u c - c - c - ic- ’ c- - B — [x in c - ; I u - 1, i c - c - c  c-c - s .  L n t c - - n c - c - i i t v .

t i )  c - w c - c - — c - t i t n e n s i c - c - c - u c - ; l  h i  I u i : r c - u c - ’- u c - I  i c - c - ic vc - c- . i n t e n c - c i t v  w i t h  c c - c - ic-
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subset of the mutant values (the peaks) will be present. When forming

histografrls of the features of individual points (e.g., HSI), then the

points which are on a gradient between mm and max values will be

suppressed; thus, in the case of tree—type texture , just th~ highlight

and shadow points will contribute. Figures 13c and 14c portray the

position of non—extremum points as blanks in the subim3ge . It should

be noted that in the case of two ft- .” r - • .-i ~oint is not suppressed

if its value is a mm or max in either ot the- two features . Figures

13b and 14b portray the 2D—histograms under non-extremum suppression and

it clearly enhances the clusters of tn te - r~~~,t . kithough the results are

not entirely predictable in non—trivial ~r~’ i ~- ~~1 rn ir~ ig~~, generall y cluster

clarity should be improved .

There are many approaches to the extraction of clusters. A very simple

technique utilized by Hanson et al. (1975) employed the cone structure

to extract clusters. Clu~ters of activity are extracted by blurring

(averaging) so that the activity is smoothed, and scaling so that

low activity valleys between clusters disappear with only the peaks

remaining. This correspond s to Ohiander ’s threshold setting process, and

with some difficulty, it can be automated . All of these operations

(besides the formation of the histogram itself) can easily be computed

as local parallel operations in the processing cone. Afterwards, the

boundaries of each cluster can be grown outward to capture the areas

blurred and scaled away. Although there are many more sophisticated

clustering algorithms (see Meisel (19721) which might produce higher

quality results , they may be exorbitant in computation or not be as

intrinsically parallel in their nature. 

~~~~~~~~~~~~~~~~ ~~~
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It is clear that a system can use the information in the suppressed

and unsuppressed histograms to define clusters in the unsuppressed histo-

grams. We will assume that the clusters outlined in the histograms of

Figures 13 and 14 have been extracted . Each cluster is symbolically

labelled with a distinct numeric symbol. The next stage of processi~ig

involves a feedback loop to correlate these features with their spatial

relationships in the original image. Points in the original image can

be labelled according to the cluster to which they belong. Figures

13c—d and l4c—d represent the image labelled by the clusters in both the

suppressed and unsuppressed histograms of Figures 13 and 14 respectively.

In Figure 14d , the I—S~ histogram , it is clear that two of the clusters

represent the roof (medium I, low Sv ) and sky (high I , low Sw). Note

the two unlabelled rows in between these areas. They are caused by

- 

; false variations due to the window placement, and are incorrectly grouped

into clusters 3 and 4 representing the tree—sky area as shown in Figure

14d. Since our window is 3 x 3 there will only be two rows which have

these false values, but the problem becomes more critical as the window

size increases. An ‘intelligent ’ low—level system would understand the

strengths and weaknesses of each segmentation procedure . Thus, this

problem can be expected and, at least in this case, easily cleared up by

a little mare processing.

No~ it is quite straightforward to grow regions across adjacent points

with the same label and retain those regions which are relatively large. 

- - - - - -  - — .—-~~
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But areas of heavy texture might form several clusters in the histograms,

from highlights and shadows or from sky and foliage. Thus, the textured

area which one wants to extract may have local areas of varying labels ,

with possibly many disconnected local areas of the same label. This

effect is hinted at in Figures 14c—d and is seen more vividly in Figure 15

which is a result of a histogram of intensity mean vs. intensity variance

on 3 x 3 windows.

At this point we have atomic areas ‘which represeh-t either regions ‘or

Possible texture elements depending on the resolution and the particular

object. Certainly any large area so formed which consists of a single

type of activity will be evaluated as an entity in itself , a region.

If these areas are small, however , they might be considered microtexture

elements.

The labelled points and areas provide the system access to statistical

and structural spatial properties of the feature types. This analysis

can be used ~to guide region growth across the symbolic labels. In an

initial attempt to extract simple properties , the VISIONS group (Hanson,

Riseinan and Nagin [1975)) utilized an adjacency matrix as a measure of

the degree to which atomic areas of different types are interspersed .

Large numbers imply that two texture types are often adjacent to each other

and áignal the possibility that they form one or more regions with a macro—

texture of these two (or more) types. By growing across the labels

representing those two microtextures, a single macrotextured region is

formed . We have depicted this case in Figure l4e by~ enlarging the cluster

to cover both clusters 3 and 4 in Figure 14a. Thus, we have captured

texture patterns in a single region and it is a simple matter to extract

~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~ -.
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symbolic descriptors of the different inicrotextures used in the cons truc—

tion of the macrotexture. We leave the analysis of the redundancy of these

different segmentation results for the reader ’s inspection.

A more sophisticated analysis of the statistical and structural

characteristics is desired. One would like to note the difference between

blue and green vertical stripes, and blue irregular shaped blobs amidst

a green background. This implies the utility of a hierarchical feature—

selector/texture—analyzer which is the subject of ongoing research.

0 
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FIgure 15: Interspersion of cluster labels in textured areas. These

projections of cluster labels are derived from a 2D histogram

of intensity mean vs. intensity variance computed on 3 x 3

windows. (a) Clusters projected from suppressed histograms .

(b) Clusters projected from unsuppressed histograms.
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- _ .

Until recently individual efforts in computer vision have been

rather limited . This is not intended to be a criticism of some of the

fine work that has been conducted. However, it does point out that the

complexity of vision has not been tested against a multi—level systems

approach of modular processes with effective means of comm unication between

t them. HumanS use the high degree of redundancy available in images in

order to understand them. Distant mountains have cues of perspective ,

a blue color shift , upper boundary shapes, and further semantic constraints

which allow strong hypotheses to their identity . Similarly, there is

a redundancy of features and/or algorithms which can lead to consistent

segmentations in terms of regions and boundaries. Animals seem to

exhibit multIple representations at an early level to aid their goal—

oriented visual perception (Lettvin , Maturana, ~1cCu1loch and Pitts [1959]).

This paper exhibited several algorithms for the extraction df boundaries

or regions. Since a representation of either boundaries or regions implicitly defines the

jther , we have a means of in tegra ting their resul ts in terms of the ideas of

competition and coopt ration (Arbib & Riseman [1976]). Relaxation and constraint—

~atisfac r Ion algorithms may afford a general mechanism by which many kinds

-)f ~~~~~~~~~~~~~ can be integrated . There are also algorithms for region

‘row th on labels determined by global analysis. Each algorithm approaches

the data from a different perspective and may be subject to different

weaknesses. A system of these routines could allow performance beyond the

capability of any single algorithm by allowing multiple and somewhat redundant

representations to determine the portions of the segmentation for which there

is high confidence. The difficulty with this approach is that several partiall y

reliable segmentations could produce a maze of inconsistencies which are not easy

- -_ -~~~--~~~ -
-
-~-~ -.
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to resolve. There is also a significant overhead in additional computItion

on a serial machine. However, it seems quite reasonable to view these compu-

tations taking place in future on parallel hardware and in real time .

A low—level system for segmentation should have a front—end that

allows any subset of a pool of features to be invoked for use by the

different algorithms. This requires mechanisms to select relevant features

entirely upon the basis of limited processing of the specific image under

consideration. It is one example of the need for binding global feature

analysis with local spatial analysis. One migh t use global his togram

analysis to identify clusters of feature activity for ordering the potential

importance of the features. Feedback from semantic processes after initial

segmentation and interpretation can provide powerful guidance to the invoca-

tion of specific features.

We have examined the difficulties produced by overlapping feature

distributions from different parts of a scene. This confusion in the

analysis migh t be reduced by performing a coarse segmentation by edge

analysis on a blurred image so that major areas can be delimited and

processed independently . In our examp le, then, areas of tree texture and

the straight lines within the house might be analyzed by distinct algorithms

and/or features which are most suitable to each. .\t this point in our

development of computer vision systems , such a level of generality and

flexibility is extremely difficult to achieve. However , it appears to be

a natural direction for integrating the broad range of efforts underway.



c

54

Some workers believe that implementation of general computer vision

systems will not be within our grasp for some time . This paper has shown

that such a conclusion is not without justification. Howcver , the

effectiveness of an integrated system approach has yet to be evaluated .

While research on general computer vision systems continue , they should

provide spin—offs in more constrained applications . There has already

been a focus upon ERTS satellite imagery, hio—medical applications ,

and limited industrial assembly line work with promising results. It

is important to pursue the goals of both general vision and l imited goal—

oriented vision systems during the coming years.
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